SPATIAL ESTIMATION OF HYDRAULIC PROPERTIES IN STRUCTURED SOILS AT THE FIELD SCALE by Zhang, Xi
University of Kentucky 
UKnowledge 
Theses and Dissertations--Plant and Soil 
Sciences Plant and Soil Sciences 
2019 
SPATIAL ESTIMATION OF HYDRAULIC PROPERTIES IN 
STRUCTURED SOILS AT THE FIELD SCALE 
Xi Zhang 
University of Kentucky, xi.zhang@uky.edu 
Author ORCID Identifier: 
https://orcid.org/0000-0002-6519-4569 
Digital Object Identifier: https://doi.org/10.13023/etd.2019.243 
Right click to open a feedback form in a new tab to let us know how this document benefits you. 
Recommended Citation 
Zhang, Xi, "SPATIAL ESTIMATION OF HYDRAULIC PROPERTIES IN STRUCTURED SOILS AT THE FIELD 
SCALE" (2019). Theses and Dissertations--Plant and Soil Sciences. 117. 
https://uknowledge.uky.edu/pss_etds/117 
This Doctoral Dissertation is brought to you for free and open access by the Plant and Soil Sciences at UKnowledge. 
It has been accepted for inclusion in Theses and Dissertations--Plant and Soil Sciences by an authorized 
administrator of UKnowledge. For more information, please contact UKnowledge@lsv.uky.edu. 
STUDENT AGREEMENT: 
I represent that my thesis or dissertation and abstract are my original work. Proper attribution 
has been given to all outside sources. I understand that I am solely responsible for obtaining 
any needed copyright permissions. I have obtained needed written permission statement(s) 
from the owner(s) of each third-party copyrighted matter to be included in my work, allowing 
electronic distribution (if such use is not permitted by the fair use doctrine) which will be 
submitted to UKnowledge as Additional File. 
I hereby grant to The University of Kentucky and its agents the irrevocable, non-exclusive, and 
royalty-free license to archive and make accessible my work in whole or in part in all forms of 
media, now or hereafter known. I agree that the document mentioned above may be made 
available immediately for worldwide access unless an embargo applies. 
I retain all other ownership rights to the copyright of my work. I also retain the right to use in 
future works (such as articles or books) all or part of my work. I understand that I am free to 
register the copyright to my work. 
REVIEW, APPROVAL AND ACCEPTANCE 
The document mentioned above has been reviewed and accepted by the student’s advisor, on 
behalf of the advisory committee, and by the Director of Graduate Studies (DGS), on behalf of 
the program; we verify that this is the final, approved version of the student’s thesis including all 
changes required by the advisory committee. The undersigned agree to abide by the statements 
above. 
Xi Zhang, Student 
Dr. Ole Wendroth, Major Professor 
Dr. Mark Coyne, Director of Graduate Studies 
 
 
 
 
 
 
 
SPATIAL ESTIMATION OF HYDRAULIC PROPERTIES IN STRUCTURED SOILS 
AT THE FIELD SCALE 
 
 
 
 
 
________________________________________ 
 
DISSERTATION 
________________________________________ 
A dissertation submitted in partial fulfillment of the 
requirements for the degree of Doctor of Philosophy in the 
College of Agriculture, Food and Environment 
at the University of Kentucky 
 
 
By 
Xi Zhang 
Lexington, Kentucky 
Director: Dr. Ole Wendroth, Professor of Soil Physics 
Lexington, Kentucky 
2019 
 
Copyright © Xi Zhang 2019 
  
 
 
 
 
 
 
ABSTRACT OF DISSERTATION 
 
 
 
SPATIAL ESTIMATION OF HYDRAULIC PROPERTIES IN STRUCTURED SOILS 
AT THE FIELD SCALE 
 
   
Improving agricultural water management is important for conserving water during 
dry seasons, using limited water resources in the most efficient way, and minimizing 
environmental risks (e.g., leaching, surface runoff). The understanding of water movement 
in different zones of agricultural production fields is crucial to developing an effective 
irrigation strategy. This work centered on optimizing field water management by 
characterizing the spatial patterns of soil hydraulic properties. Soil hydraulic conductivity 
was measured across different zones in a farmer’s field, and its spatial variability was 
investigated by using geostatistical techniques. Since direct measurement of hydraulic 
conductivity is time-consuming and arduous, pedo-transfer functions (PTFs) have been 
developed to estimate hydraulic conductivity indirectly through more easily measurable 
soil properties. Due to ignoring soil structural information and spatial covariance between 
soil variables, PTFs often perform unsatisfactorily when field-scale estimations of 
hydraulic conductivity are needed. The performance of PTFs in estimating hydraulic 
conductivity in the field was therefore critically evaluated. Due to the presence of structural 
macro-pores, saturated hydraulic conductivity (Ks) showed high spatial heterogeneity, and 
this variability was not captured by texture-dominated PTF estimates. However, the general 
spatial pattern of near-saturated hydraulic conductivity can still be reasonably generated 
by PTF estimates. Therefore, the hydraulic conductivity maps based on PTF estimates 
should be evaluated carefully and handled with caution. Recognizing the significant 
contribution of macro-pores to saturated water flow, PTFs were further improved by 
including soil macro-porosity and were proven to perform much better in estimating Ks 
compared with established PTFs tested in this study. Additionally, the spatial relationship 
between hydraulic conductivity and its potential influencing factors were further quantified 
by the state-space approach. State-space models outperformed current PTFs and effectively 
described the spatial characteristics of hydraulic conductivity in the studied field. These 
findings provided a basis for modeling water/solute transport in the vadose zone, and site-
specific water management. 
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Chapter 1 Introduction 
Irrigation is vital to our food production and food security. Irrigated areas are expected to 
rise in forthcoming years whereas fresh water will be increasingly diverted to meet the 
increasing demand of domestic and industrial use (Evans and Sadler, 2008; Bianchi et al., 
2017). Society faces a critical challenge in the future: increasing agricultural production 
using limited water resources and maintaining healthy ecosystems at local and global scales. 
Kentucky is perceived as a “water-rich” state with a moderate humid subtropical climate 
and abundant rainfall (average annual precipitation varies from 1060 mm in the north to 
1502 mm in the southwest of the state) (Chattopadhyay and Edwards, 2016). However, 
Kentucky can experience extended periods of dry weather ranging from single-season 
events to multi-year events (e.g., disastrous droughts in 2007 and 2012) (Kentucky Energy 
and Environment Cabinet, 2008). Western Kentucky is projected to see a moderate summer 
drought in the following decades (Cook et al., 2015). Due to a limited water supply in many 
parts of Kentucky, irrigation has always been limited (Murdock, 2000). Following the 
drought in the year 2012, many farmers installed center pivot irrigation systems in their 
fields. Although interest in irrigation is gaining momentum among Kentucky farmers, little 
research has been conducted on water-efficient irrigation in Kentucky. The development 
of effective field water resources management is crucial to conserve water during drought 
mainly through avoiding over-irrigation and using limited water resources in the most 
efficient way. 
Conventional uniform irrigation management, which ignores the considerable inherent soil 
spatial variability in physical and hydraulic properties, treats the field homogeneously in 
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terms of water application amount and intensity and might result in both excessive and 
deficit water availability at some specific areas in the field, and lead to yield and nutrient 
losses (King et al., 2006; Liang et al., 2016). One approach for optimizing field water 
management is site-specific irrigation management, which aims at applying water in 
accordance with the spatial heterogeneity of soil properties in the field. Such management 
practice requires quantification of soil spatial variability across the field (Mzuku et al., 
2005; Sadler et al., 2005).  
Infiltration variability across a field plays an important role in irrigation management and 
in turn affects crop yields and farm economics (Jaynes and Clemmens, 1986; Wallender 
and Rayej, 1987; Hoover and Jarrett, 1989; Jaynes and Hunsaker, 1989). Infiltration refers 
to the soil’s ability to allow water moving into and through the soil profile. Due to 
variations in soil hydraulic properties and topography as well as external factors such as 
compaction and tillage practices, infiltration rate and resulting water movement vary 
among locations within the field after one irrigation event (Evans and Sadler, 2008). Soil 
hydraulic conductivity (K), especially saturated hydraulic conductivity (Ks), is a crucial 
property governing soil water dynamics including infiltration and percolation (Huang et al., 
2016). Therefore, accurate knowledge of saturated hydraulic conductivity and its spatial 
variability in an irrigated field is important for developing site-specific irrigation 
management and provides essential parameters for water balance and solute transport 
models (Bevington et al., 2016). 
Using representative soil samples from the study area, saturated hydraulic conductivity is 
measured with widely used techniques, such as borehole infiltrometer and Amoozemeter, 
in the field, or with constant/falling head permeameter in the laboratory (Klute and Dirksen, 
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1986; Amoozegar, 1989; Stephens, 1992). However, Ks often exhibits high spatial 
heterogeneity (Nielsen et al., 1973; Schaap and Leij, 1998b). Large numbers of soil 
samples are generally required to derive the average Ks in a study area and even more 
samples may be necessary to accurately characterize the spatial variability of Ks in that area. 
For example, Vieira et al. (1981) characterized the spatial variability of infiltration rate 
based on 1280 measurements. By comparing different scenarios, they found that at least 
128 field-measured values were required in order to obtain useful spatial information in a 
field with an area of 0.88 ha (Vieira et al., 1981). Since direct measurements of Ks are 
labor-intensive and time-consuming, the evaluation of spatial heterogeneity of Ks based on 
measured data is prohibitive for field or larger research scales. Therefore, predicting Ks 
from more easily measured soil properties (e.g., soil texture, bulk density, organic matter, 
or electrical conductivity) has become an active research area (Wang et al., 2012a; Rezaei 
et al., 2016; Zhao et al., 2016). The functions that link soil hydraulic properties with more 
readily available soil properties are defined as pedo-transfer functions (PTFs) (Bouma and 
Lanen, 1987).  
Pedo-transfer functions can be developed either from multiple regression methods (Cosby 
et al., 1984; Puckett et al., 1985; Saxton et al., 1986; Vereecken et al., 1990; Merdun et al., 
2006), regression and classification trees (Lilly et al., 2008; Jorda et al., 2015), and artificial 
neural network (Schaap et al., 2001; Zhao et al., 2016). In the past decades, PTFs have 
been widely used as an alternative approach to estimate the spatial variability of hydraulic 
conductivity at different research scales. In a combination of PTFs and geostatistical 
methods, a Ks map of Spain was successfully constructed (Ferrer Julià et al., 2004). Pedo-
transfer functions were applied to studying the spatial variability of Ks across China (Dai 
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et al., 2013). In a recent research, ROSETTA PTF was used to characterize the Ks at global 
scale (Montzka et al., 2017). However, the application of PTFs in estimating the spatial 
variability of Ks at the field scale is rarely reported (Parasuraman et al., 2006). Pedo-
transfer functions were usually derived at a large scale using large datasets, and soil texture, 
bulk density as well as organic matter were commonly used as input variables. The spatial 
behavior of Ks and its influencing factors may change with increase or decrease in the 
domain of investigation (Wang et al., 2013). At large scales (e.g., the domain of a continent 
or a country), soil texture might be a dominant factor of the magnitude and spatial variation 
of Ks. On the other hand, at the small scale of a farmer’s field, the spatial heterogeneity of 
Ks due to soil texture variation can be masked by soil structure as well as landscape position, 
topography-related hydrologic conditions and agricultural management (Zimmermann et 
al., 2013). Therefore, a PTF that is valid for a large area is not necessarily able to model 
small scale phenomena well (Vereecken et al., 2010). The application of PTFs to describe 
the spatial variability of Ks at the field scale needs to be critically evaluated. Inclusion of 
important soil structural information might be beneficial to developing PTFs for estimating 
Ks at the field scale. However, mainly owing to soil structure is relatively difficult to 
measure, little progress has been made in improving PTFs by incorporating quantitative 
soil structural information. 
In addition, current PTFs overlook the spatial covariance between soil properties and 
assume that all the soil variables are spatially independent from each other. Therefore, these 
PTFs often perform unsatisfactorily when field-scale estimations of hydraulic properties 
are needed (Nielsen and Alemi, 1989; Yang and Wendroth, 2014). Most recently, a state-
space modeling approach, which considers the spatial dependencies between variables, was 
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used to develop models to estimate hydraulic properties, and has been demonstrated to be 
a more effective tool for quantifying the relationships between hydraulic properties and 
other soil variables compared with the equivalent linear regression equations and artificial 
neural network models (Comegna et al., 2010; Zhao et al., 2017; Qiao et al., 2018a; Qiao 
et al., 2018b). However, the application of state-space models in spatially estimating soil 
hydraulic properties, such as Ks, has not been adequately studied (Yang et al., 2018). 
Guided by the above information, this study aims at improving field water management 
through characterization of the spatial variability of saturated hydraulic conductivity and 
its influencing factors in a farmer’s field located in western Kentucky. The specific 
objectives of this study were to (1) critically evaluate the performance of PTFs in 
estimating the spatial variability of hydraulic conductivity at and near saturation in a 
farmland, (2) quantify the contribution of structural macro-pores to saturated water flow in 
the studied field, (3) examine if the estimation of Ks at the field scale with PTFs can be 
improved by including quantitative soil structural information (such as macro-porosity), 
and (4) make an attempt to quantify the spatial relationships between hydraulic 
conductivity and other soil physical properties by state-space modeling approach.  
In Chapter 2, the spatial pattern of hydraulic conductivity was created with co-
regionalization analysis and compared with the spatial variability of hydraulic conductivity 
predicted with PTFs. Macro-pore hydraulic conductivity was calculated and used to 
identify the structural macro-pore effects in this no-till agricultural land. The purpose of 
this study was to answer the question whether the spatial pattern of hydraulic conductivity 
in structural soil can be reasonably captured by existing PTFs. According to Chapter 2, soil 
structural information is important for predicting Ks. In Chapter 3, soil macro-porosity was 
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calculated from soil water retention curve and used as a structural parameter in developing 
a new PTF. The performance of new PTF in estimating Ks at the field scale was then 
evaluated by comparing with established PTFs, in which soil structural information was 
excluded. In Chapter 4, a pioneering research approach using autoregressive state-space 
analysis to estimate the spatial variation of hydraulic conductivity across a field was 
conducted. This chapter tried to characterize the spatial correlations of hydraulic 
conductivity with the soil physical properties, and evaluate if the spatial pattern of 
hydraulic conductivity can be better described by state-space modeling compared with 
current PTFs that ignore the spatial dependence between soil variables. Results from 
studies presented in this dissertation provide a basis for modeling water/solute transport in 
the vadose zone, and site-specific resources management. 
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Chapter 2 Assessing field-scale variability of soil hydraulic conductivity at and near 
saturation 
2.1 Introduction 
Hydraulic conductivity at and near saturation of the soil surface layer plays an important 
role in partitioning precipitation or irrigation water into surface runoff and soil water, and 
regulating water transport in the vadose zone (Børgesen et al., 2006; Jarvis et al., 2013; 
Dingman, 2015; Ugarte Nano et al., 2015; Gadi et al., 2017). Soil saturated hydraulic 
conductivity (Ks), which determines the maximum capacity of soil to transmit water, is a 
crucial hydraulic parameter for hydrological models (e.g., HYDRUS, RZWQM2) 
(Mallants et al., 1997; Zhao et al., 2016). In many field soils, Ks is strongly influenced by 
soil structure and macro-pores, and exhibits high spatial heterogeneity (Jarvis et al., 2002; 
Strudley et al., 2008). Due to the high spatial variability of Ks, the optimum application 
rate and amount of irrigation water differs between specific areas within the same field (Al-
Karadsheh et al., 2002). Accurate characterization of the spatial variation of Ks at the field 
scale is therefore important for precision irrigation management and identification of local 
management zones (Gumiere et al., 2014). A map of the spatial distribution of Ks can 
become useful for guiding site-specific irrigation, helping farmers apply the right amount 
of water in the right areas at the right intensity and time while minimizing the potentially 
environmental risks, e.g., leaching, surface runoff, oxygen deficiency through over-
irrigation, and plant-water stress and yield loss through under-irrigation. 
Saturated hydraulic conductivity can be measured either in the field with in-situ methods 
(e.g., borehole infiltrometer, Amoozemeter) or in the laboratory with a permeameter (Klute 
and Dirksen, 1986; Amoozegar, 1989; Stephens, 1992). However, Ks is a parameter that 
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exhibits enormous spatial variability (Nielsen et al., 1973; Schaap and Leij, 1998b). Large 
numbers of soil samples are generally required to accurately characterize Ks in a study area 
(Yao et al., 2015). Accurate characterization of Ks using direct measurements, therefor, are 
arduous, time-consuming, and expensive (Li et al., 2007; Wang et al., 2012a). To overcome 
these limitations and to characterize the spatial variability of Ks for large regions, alternative 
approaches have been developed to estimate Ks indirectly through more easily measurable 
soil properties that may already exist from soil surveys or from existing soil databases.  
Among these alternative approaches, pedo-transfer functions (PTFs) have been developed 
and are increasingly being used to estimate Ks (Wösten et al., 2001; Pachepsky et al., 2006; 
McBratney et al., 2011). In the past decades, the accuracy and reliability of PTFs for 
estimating Ks have been critically evaluated (Tietje and Hennings, 1996; Schaap and Leij, 
1998a; Wagner et al., 2001; Alvarez-Acosta et al., 2012; Yao et al., 2015). The PTF 
estimate at a single point is usually compared with the measured value at the same location. 
Although estimation of Ks at a single point is necessary for modeling water flow and solute 
transport in a soil profile, a detailed description of the spatial variability or distribution of 
Ks is needed for field water management with distributed hydrological models (Liao et al., 
2011). Several authors have studied the spatial characterization of unsaturated hydraulic 
conductivity (soil water pressure, h, less than -10 cm) by using both measured data and 
PTF predictions (e.g., Romano, 2004; da Silva et al., 2017), however, far fewer studies 
investigated the performance of PTFs in describing spatial structure or characterizing 
spatial pattern of Ks in a field and the results are inconsistent (Springer and Cundy, 1987; 
Leij et al., 2004). For unsaturated hydraulic conductivity, although PTF estimates revealed 
stronger spatial dependence than measured data and the generated spatial pattern of 
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hydraulic conductivity depended on the choice of PTFs, kriged maps of hydraulic 
conductivity based on measurements and on PTF estimates showed similarities in their 
spatial variations. (Romano, 2004; da Silva et al., 2017). 
Unsaturated water flow at h ≤ -10 cm mainly occurs in the soil matrix, and soil texture 
places a significant impact on unsaturated hydraulic conductivity (Lin et al., 1999b; Schaap 
and Leij, 2000). For saturated water flow (h = 0 cm), the behavior differs. Hydraulic 
conductivity at saturation is sensitive to even small volumes of macro-pores, which are 
affected by agricultural management and biological activities (Rienzner and Gandolfi, 
2014). In field soils with structural macro-pores, a large decrease (e.g., several orders of 
magnitude) in hydraulic conductivity is often observed as water pressure head even slightly 
drops from saturation to near saturated conditions (-10 cm < h < 0 cm) (Jarvis and Messing, 
1995; Jarvis et al., 2002; Braud et al., 2017). Near saturated hydraulic conductivity is 
therefore used to identify macro-pore effects in a field. The influence of basic soil physical 
properties (e.g., texture, bulk density, and organic matter content), which are common PTF 
predictors, on Ks is usually masked by macro-pore effects (Buttle and House, 1997). 
However, soil structure or macro-pore information is not included in most published PTFs 
(Lin et al., 1999b; Weynants et al., 2009; Vereecken et al., 2010). Models that relate Ks to 
basic soil physical properties alone may therefore not accurately predict Ks for soils with 
pronounced structure (Lin et al., 1999a). Since PTF predictors (i.e. basic soil physical 
properties) can be only sampled for a limited number of points in an area, PTF estimates 
at these points have to be combined with spatial interpolation to make predictions at 
unsampled locations with the result that the estimated spatial variability less reflects the 
behavior of the target variable than that of the PTF input variables. At each sampled 
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location, the uncertainty (e.g., measurement errors) in the input variables also causes 
uncertainty in the PTF estimates. This uncertainty is further propagated to the interpolated 
points and it is larger the farther away an interpolated point is located from the next 
measured point (Chirico et al., 2007). Moreover, the spatial interpolation of PTF-predicted 
data is dominated by the spatial variability pattern of the underlying predictors, which may 
deviate from the spatial variability pattern of measured hydraulic conductivity data, 
especially if soil structural features affect their magnitude, such as macro-pores. Springer 
and Cundy (1987) compared measurements of Ks with the predicted data obtained from 
two published PTFs at the field scale, and the semivariogram of the measured data was 
well reproduced by one of the PTFs. They also found that the correlation length was short 
for the field-measured data. Leij et al. (2004) did similar work in a field with structural soil, 
however, their findings were discouraging. All the selected PTFs failed to capture the 
spatial structure of observed Ks. Furthermore, Pringle et al. (2007) emphasized that PTFs 
are scale-dependent. PTF-estimated data is unable to provide a reasonable portrayal of the 
spatial variations exhibited by measured data at all spatial scales (Pringle et al., 2007). 
These studies indicate that there are still significant uncertainties about whether the spatial 
variability of Ks observed in a field can be captured by PTF predicted data. Therefore, 
characterizing the field-scale spatial pattern of Ks predicted with a PTF still needs to be 
critically evaluated. To this end, the primary objective of this study was to characterize the 
spatial variability of hydraulic conductivity at and near saturation in an agricultural field 
by geostatistical analysis using both measured and PTF estimated data. 
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2.2 Materials and Methods 
2.2.1 Site description and soil sampling 
This research was conducted in a farmland (~30 ha) located in Caldwell County, Kentucky, 
United States (37°1′42″-37°1′58″N, 87°51′11″-87°51′33″W) (Figure 2.1). At this area, the 
mean annual precipitation is 1300 mm with a mean annual temperature of 15 °C (US 
Climate Data, 2016). Wheat/ double-crop soybean/ corn rotation is practiced in this field. 
Undisturbed soil cores were sampled in a 71 m by 71 m grid of 48 locations from 7-13 cm 
depth by using cutting rings (diameter: 8.4 cm, height: 6 cm, volume: 332 cm3). Bulk soil 
samples were also collected from each point. Soil cores were used to measure saturated 
and near-saturated hydraulic conductivity, and bulk density. Disturbed soil samples were 
air-dried and passed through a 2-mm sieve for other soil physical property analyses. 
2.2.2 Laboratory analysis 
Soil texture was determined by the sieving and the pipette method (Gee and Or, 2002). 
According to USDA textural classification, three textural classes (silt, silty loam and silty 
clay loam) were observed in the field (Figure 2.2). Silty loam was the predominant soil 
texture. The core method was used to measure bulk density (ρb) (Grossman and Reinsch, 
2002). The bulk density ranged from 1.33 to 1.77 g cm-3 (Table 2.1). Soil organic matter 
(SOM) was measured with the combustion method (Nelson and Sommers, 1982). The range 
of SOM was between 0.70 and 2.38% (Table 2.1). 
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Figure 2.1 Study area and sampling locations. 
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Table 2.1 Descriptive statistics for observed and Rosetta estimated hydraulic conductivity, 
and basic soil physical properties over the field (N= 48). 
Variables † Maximum Minimum Mean S.D. ‡ K-S ‡ 
Observed data 
Ks, cm day-1 16307 0.02 31* 2815 0.40 
K-1, cm day-1 217 0.07 3.80* 37 0.33 
K-5, cm day-1 26 0.06 1.40* 4.97 0.30 
K-10, cm day-1 5.66 0.04 0.79* 1.09 0.19 
Ks, log10 (cm day-1) 4.21 -1.80 1.49 1.36 0.08 
K-1, log10 (cm day-1) 2.34 -1.15 0.58 0.74 0.14 
K-5, log10 (cm day-1) 1.42 -1.22 0.15 0.54 0.07 
K-10, log10 (cm day-1) 0.75 -1.40 -0.10 0.44 0.11 
Sand, % 11  2  4  1  0.14 
Silt, % 85  57  79  6  0.15 
Clay, % 33  10  17  5  0.18 
ρb, g cm-3 1.77 1.33 1.61 0.07 0.10 
ECa, mS m-1 8.40 2.80 4.64 1.23 0.09 
SOM, % 2.38 0.70 1.38 0.31 0.09 
ROSETTA estimated data 
Ks, log10 (cm day-1) 1.49 0.37 0.87 0.22 0.12 
K-1, log10 (cm day-1) 1.46 0.26 0.82 0.24 0.11 
K-5, log10 (cm day-1) 1.40 0.13 0.73 0.25 0.12 
K-10, log10 (cm day-1) 1.35 0.02 0.65 0.26 0.12 
† Ks, saturated hydraulic conductivity; K-1 K-5 and K-10, hydraulic conductivity at potentials of -1 cm, -5 cm 
and -10 cm; ρb, bulk density; ECa, apparent electrical conductivity; SOM, soil organic matter. 
‡ S.D., standard deviation; K-S, Kolmogorov–Smirnov test for normality (for α=5%, critical value is 0.196). 
* Geometric mean. 
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Figure 2.2 Textural composition of soils investigated in this study. 
Saturated hydraulic conductivity (Ks) was determined using a laboratory permeameter 
(Eijkelkamp, Netherlands) based on Darcy’s law under either constant or falling head 
conditions depending on the individual percolation rate of each sample (Klute and Dirksen, 
1986). Near-saturated hydraulic conductivity is useful in studying the influence of soil 
structural macro-pores on hydraulic conductivity and rapid infiltration (Jarvis et al., 2013). 
Hydraulic conductivity at potentials of -1 cm (K-1), -5 cm (K-5) and -10 cm (K-10) were 
therefore measured with a self-developed double pressure plate-membrane apparatus with 
two tension plates at the upper and lower ends of the soil core, which are similar to those 
used with tension infiltrometer (Wendroth and Simunek, 1999). The computation of K(h) 
is based on Buckingham-Darcy’s law. The ranges of Ks, K-1, K-5, and K-10 were between 0.02 
and 16307, 0.07 and 217, 0.06 and 26, and 0.04 and 5.66 cm day-1, respectively. Hydraulic 
conductivity data (cm day-1) was further log-transformed (Table 2.1). The ranges of log10 Ks, 
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log10 K-1, log10 K-5, and log10 K-10 were between -1.80 and 4.21, -1.15 and 2.34, -1.22 and 
1.42, and -1.40 and 0.75, respectively. For several soil samples with low Ks, the near-
saturated hydraulic conductivity was slightly higher than Ks. Those slight inconsistencies 
in the data might be introduced by different measurement methods (Vereecken et al., 2010). 
The relatively low conductivity of some samples changed little regardless whether the 
sample was measured under saturated or slightly unsaturated conditions since these 
samples remain fully saturated due to capillary forces even under slightly negative pressure, 
and our measurement results obtained with different methods just reflected measurement 
uncertainty. For soil samples with low permeability, the falling head method was used to 
measure Ks. During this process, evaporation cannot be completely avoided. This might 
also cause underestimation in Ks. 
2.2.3 Estimates with pedo-transfer functions 
Over the past three decades, a large number of PTFs have been developed to estimate 
hydraulic conductivity. Soil texture, bulk density and organic matter were widely used as 
input data in these established PTFs (Wösten et al., 2001). Among these published PTFs, 
ROSETTA (derived from North American and European soils) and HYPRES (derived 
from European soils) are the most widely used PTFs (Wösten et al., 1999; Schaap et al., 
2001; McBratney et al., 2011). ROSETTA was developed based on artificial neural 
network analysis and includes five hierarchical models (H1 - H5) (see Schaap et al., 2001 
for detail). The hierarchical structure in ROSETTA provides users with flexibility towards 
available input data. ROSETTA is able to estimate Ks as well as unsaturated hydraulic 
conductivity function parameters for the Mualem-van Genuchten model. A user-friendly 
computer program was developed to make the estimation with ROSETTA even more 
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convenient. Therefore, ROSETTA was selected as an example to investigate whether PTFs 
reliably describe the spatial variability of hydraulic conductivity observed in a field. Based 
on available measured soil physical properties, the H3 model (sand, silt, clay, and bulk 
density) was used to predict hydraulic conductivity in this study. Note that an external PTF 
might lose its validity if it is used for soils that fall outside the textural range of data 
originally used to derive the PTF. The estimation of hydraulic properties based on PTFs 
should be restricted to soils that fall within the range of soil textures that were used to 
develop the PTFs (Wösten, 1997). In this study, local soil properties are within the range 
of the dataset that was used to derive ROSETTA. 
Saturated hydraulic conductivity was indirectly estimated from ROSETTA. Mualem-van 
Genuchten model parameters were predicted by ROSETTA and near saturated hydraulic 
conductivity (h = -1, -5, -10 cm) was calculated by Eq. 2.1 (van Genuchten, 1980): 
𝐾𝐾(ℎ) =  𝐾𝐾s
�1−|𝛼𝛼ℎ|𝑛𝑛−1[1+|𝛼𝛼ℎ|𝑛𝑛]−𝑚𝑚�2
[1+|𝛼𝛼ℎ|𝑛𝑛]𝑚𝑚/2
                                                                                              (2.1) 
where Ks (cm day-1) is the ROSETTA-estimated saturated hydraulic conductivity, h (cm) is 
soil water pressure, α (cm-1) is related to the inverse of the air-entry pressure head, m (-) and 
n (-) are empirical shape parameter (m=1- 1/n). α and n were also predicted by ROSETTA. 
ROSETTA estimated hydraulic conductivity data (cm day-1) was also log-transformed 
(Table 2.1). The ranges of log10 Ks, log10 K-1, log10 K-5, and log10 K-10 were between 0.37 
and 1.49, 0.26 and 1.46, 0.13 and 1.40, and 0.02 and 1.35, respectively. 
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2.2.4 Geostatistical analysis 
Hydraulic properties in field soils are highly variable, and any individual measurement can 
only provide information about the immediate vicinity of the sampled location. Information 
about hydraulic properties at places where no measurements are taken has to be inferred 
from the known values at the sampled points since only a limited number of measurements 
can be taken in an area (Nielsen et al., 1973; Jury and Horton, 2004). Various strategies 
(e.g., inverse distance weighting, kriging, cokriging) can be used to interpolate spatial data 
(Webster and Oliver, 2007). Geostatistics (e.g., kriging and cokriging) is generally 
considered as the best method for spatial interpolation and has been successfully used in 
studying the spatial variation of soil hydraulic properties (Vieira et al., 1981; Vauclin et al., 
1983; Goovaerts, 1999; Ferrer Julià et al., 2004; Romano, 2004; Iqbal et al., 2005; Wang 
et al., 2013; Fu et al., 2015). Kriging is a linear interpolation that utilizes a semivariogram 
to estimate a variable at an unsampled location using weighted neighboring measured 
values (Nielsen and Wendroth, 2003). The performance of kriging in interpolating spatial 
data greatly depends on the quantity and quality of the measurements and their spatial 
continuity (Miller et al., 2007) as well as their behavior in the scale-triplet (Blöschl and 
Sivapalan, 1995). However, only limited Ks data are available since the cost and labor of 
intensively measuring Ks in a field is prohibitive (Alemi et al., 1988). In a field with high 
spatial variability of Ks, it can be a challenge to create a set of measured Ks at a resolution 
that reveals a satisfactory variability structure to support kriged estimates of Ks at 
unsampled locations with acceptable accuracy. When Ks is undersampled and the identified 
variability structure is weak, kriging is not well supported, and the uncertainty of estimation 
poses a challenge as well (Ersahin, 2003). Alternatively, cokriging utilizes spatial 
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information of two or more variables (one is the primary variable, the other is the ancillary 
variable) along with spatial cross-correlation between the two variables to estimate the 
undersampled variable (i.e., primary variable) at unobserved locations. The ancillary 
variable is spatially correlated with the variable of interest, and can be easily measured and 
densely sampled (Alemi et al., 1988; Nielsen and Wendroth, 2003). By using clay content 
(Alemi et al., 1988), bulk density (Ersahin, 2003) or water-stable aggregates (Basaran et 
al., 2011) as ancillary variable, cokriging has been proven to be superior to kriging in 
characterizing the spatial variability of Ks when Ks is only sparsely sampled in an area. 
Although apparent electrical conductivity has not been used as an ancillary variable in 
cokriging to estimate Ks, investigating the spatial association of Ks to apparent electrical 
conductivity might be another promising way to estimate the spatial distribution of Ks 
across a field. Apparent electrical conductivity (ECa) is a simple, efficient and inexpensive 
measurement, and can be densely measured over large areas (Sudduth et al., 2005). Similar 
to water flow in soil, apparent electrical conduction (mainly through electrolyte in 
sufficiently moist soil) occurs in the same network of pores and channels (Corwin and 
Lesch, 2003; Doussan and Ruy, 2009). ECa is influenced by a variety of soil properties 
including soil clay content, porosity, pore connectivity, moisture, salinity, and organic 
matter (Corwin and Lesch, 2005; Doussan and Ruy, 2009; Chaplot et al., 2010). These 
factors influencing ECa also have effects on soil hydraulic conductivity. In recent studies, 
ECa was successfully used as a predictor in linear regression PTFs to calculate Ks (Chaplot 
et al., 2011; Rezaei et al., 2016). Therefore, ECa can be considered as an ancillary variable 
and was used in cokriging to facilitate the estimation of Ks in this research.  
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Soil apparent electrical conductivity (ECa) at shallow depth (0-30 cm) was densely 
measured in the field (Figure 2.1) (the distance between two neighboring transects was 
about 17 m and the distance between two neighboring points along each transect was 
approximately 2 m) using a Veris 3150 (Reyes et al., 2018). Apparent electrical 
conductivity and hydraulic conductivity were not measured at exactly the same coordinates. 
In order to perform classic cross semivariogram, the values of ECa points (3~5 points) 
located within a radius of 2 m around each hydraulic conductivity sampling location were 
averaged and this average value was used as ECa value in the point of hydraulic 
conductivity. ECa values at the points of hydraulic conductivity ranged from 2.80 to 8.40 
mS m-1 with a mean of 4.64 mS m-1 (Table 2.1). 
Geostatistical analysis was then conducted to characterize the spatial pattern of hydraulic 
conductivity and to assess the capability of ROSETTA in describing the spatial variability 
of hydraulic conductivity in the field. Prior to geostatistical analysis, Kolmogorov-Smirnov 
(K-S) test (at the 5% significance level) was used to evaluate the normality of each data 
distribution (Bitencourt et al., 2016). The K-S test quantifies the maximum difference 
between the observed distribution function of the sample and the theoretical distribution 
function (Massey, 1951). All the data passed the K-S test, since the calculated maximum 
differences were below the critical value at the 5% significance level (Table 2.1). The result 
indicated that log-transformed measured hydraulic conductivity, ROSETTA estimated 
hydraulic conductivity, and basic soil physical properties tended to follow the normal 
distribution. Note that ECa data (N = 48) at the locations of hydraulic conductivity was a 
subset of all ECa measurements (N= 7416) in the study field. Apparent electrical 
conductivity data including all the points failed the K-S test as a result of the huge number 
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of samples considerably reducing the critical value (for α= 5%, critical value is 1.36/√𝑁𝑁). 
Since ECa data (N = 48) had the same number of observations as hydraulic conductivity 
data and was normally distributed, ECa data (N= 7416) distribution can still be considered 
as a normal distribution (Reyes et al., 2018). 
Experimental semivariograms and cross semivariograms were calculated to describe the 
spatial variance structure and identify the input parameters for cokriging spatial 
interpolation (Nielsen and Wendroth, 2003). The semivariogram and cross semivariogram 
were computed by Eq. 2.2 and Eq. 2.3, respectively. 
𝛾𝛾(ℎ) = 1
2𝑁𝑁(ℎ)
∑ [𝑍𝑍𝑖𝑖(𝑥𝑥𝑖𝑖) − 𝑍𝑍𝑖𝑖(𝑥𝑥𝑖𝑖 + ℎ)]2
𝑁𝑁(ℎ)
𝑖𝑖=1                                                                                  (2.2) 
𝛤𝛤(ℎ) = 1
2𝑁𝑁(ℎ)
∑ [𝐴𝐴𝑖𝑖(𝑥𝑥𝑖𝑖) − 𝐴𝐴𝑖𝑖(𝑥𝑥𝑖𝑖 + ℎ)][𝐵𝐵𝑖𝑖(𝑥𝑥𝑖𝑖) − 𝐵𝐵𝑖𝑖(𝑥𝑥𝑖𝑖 + ℎ)]
𝑁𝑁(ℎ)
𝑖𝑖=1                                              (2.3) 
where h is the separation distance or lag distance, N(h) is the number of data pairs for the 
separation distance h, Zi(xi) is a measured variable at spatial location xi, Zi(xi + h) is a 
measured variable at spatial location xi + h, Ai and Bi indicate the primary and the ancillary 
variables, respectively. The shape of semivariogram depends upon the nature of the spatial 
variability, number and spacing of the observations, and lag class interval length. In order 
to obtain a semivariogram revealing obvious spatial structure, different lag class interval 
lengths were used in the calculation. The lag class interval length was 50 m for Ks and K-10, 
while the lag class interval length was 40 m for K-1 and K-5. 
Experimental semivariograms and cross semivariograms were fitted to an empirical model 
including an exponential component and a Gaussian component (Eq. 2.4) (Oliver and 
Webster, 2014) on top of the nugget contribution to variance. 
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𝛾𝛾(ℎ) = 𝐶𝐶0 +  𝐶𝐶1 �1 − exp �−
ℎ
𝑎𝑎1
�� + 𝐶𝐶2 �1 − exp �−
ℎ2
𝑎𝑎22
��                                                        (2.4) 
where C0 represents the nugget effect; C1 and C2 are the partial sills of exponential and 
Gaussian components, respectively, and sill (total variation) equals to C0+C1+C2; a1 and a2 
are the ranges of exponential and Gaussian components, respectively; h is the lag distance. 
The two model functions were selected and determined principally on sum of square 
residuals (SSR), coefficient of determination (r2) as well as visual fit (Cambardella et al., 
1994; Wang et al., 2013). 
The spatial distribution maps of hydraulic conductivity were generated using fitted 
semivariogram and cross semivariogram parameters through cokriging, which estimated 
the values of hydraulic conductivity at unobserved locations by utilizing Eq. 2.5. 
𝐴𝐴∗(𝑥𝑥0) = ∑ 𝜆𝜆𝐴𝐴𝑖𝑖𝐴𝐴𝑖𝑖(𝑥𝑥𝑖𝑖) + ∑ 𝜆𝜆𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵(𝑥𝑥𝐵𝐵)
𝑞𝑞
𝐵𝐵=1
𝑝𝑝
𝑖𝑖=1                                                                                (2.5) 
where A*(x0) is the value of primary variable to be estimated at the location of x0, Ai(xi) is the 
known value of primary variable at the sampling site xi, Bj(xj) is the known value of ancillary 
variable at the sampling site xj, λAi and λBj are weights (∑ 𝜆𝜆𝐴𝐴𝑖𝑖 = 1
𝑝𝑝
𝑖𝑖=1 , ∑ 𝜆𝜆𝐵𝐵𝐵𝐵 = 0
𝑞𝑞
𝐵𝐵=1 ), p and 
q are the number of observed sites around x0 that are within the zone of correlation. 
All the data analyses and visualization were accomplished by libraries (Gstat and Nortest) 
included in the R statistics environment, ArcGIS 10.4.1, and Microsoft Office Excel 2016. 
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2.3 Results and Discussion 
2.3.1 Spatial structure of hydraulic conductivity 
Semivariograms and cross semivariograms based on measured and ROSETTA estimated 
data are shown in Figure 2.3 and 2.4. A nested model including an exponential and a 
Gaussian component was used to fit the experimental semivariograms and cross 
semivariograms. Theoretically, semivariogram increases with distance between sample 
locations to a plateau or constant value (total semivariance) that is found for a given 
separation distance (the range of spatial dependence) (Trangmar et al., 1986). Samples 
separated by distances less than the range are spatially correlated, while those separated by 
distances beyond the range are not spatially correlated (Wang et al., 2013). The range 
indicates the maximum distance over which neighboring observations are spatially related. 
Beyond the range, lag distances should be disregarded for interpolation (Nielsen and 
Wendroth, 2003). The shorter the range, the more heterogeneous the variable; while the 
longer the range, the more homogeneous or spatially continuous the variable behaves 
(Marín-Castro et al., 2016). The non-zero semivariance at lag distance of zero is called 
nugget semivariance (C0), which represents measurement errors or microvariability of the 
variable occurring over smaller distance than the sampling interval (Trangmar et al., 1986; 
Nielsen and Wendroth, 2003). The ratio between nugget and total semivariance (or relative 
nugget effect, RNE) was used to evaluate the strength of spatial dependence: strong if the 
ratio was less than 25%, moderate if the ratio was between 25% and 75%, and weak if the 
ratio was greater than 75% (Cambardella et al., 1994). 
The measured Ks was weakly spatially dependent (RNE= 81%), while measured near 
saturated hydraulic conductivity was moderately spatially dependent with the relative 
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nugget effect ranging from about 46% to 48% (Figure 2.3 a-d). Saturated hydraulic 
conductivity revealed a high relative nugget effect, which means Ks might exhibit strong 
spatial dependence at a scale smaller than the sampling interval. Short range effect or 
microheterogeneity of Ks was predominant in the field and could not be detected at the 
scale of sampling (Trangmar et al., 1986). In Figure 2.3, note that the range values for near 
saturated hydraulic conductivity were significantly larger than the range for Ks. This result 
indicated that the spatial distribution of Ks was more heterogeneous than the spatial 
distribution of near saturated hydraulic conductivity. The high heterogeneity of Ks might 
be caused by macro-pore effects. At saturation, all pores conduct water and macro-pores 
greatly contribute to water flow. The presence of one single macro-pore is barely 
manifested in the total porosity, however, can greatly contribute to Ks if the pore is 
continuous and even more if it is connected to other pores. As the water potential decreases, 
the water-transmitting pores are those with smaller diameters (meso- and micro-pores). 
Since macro-pores are mainly created by biological activity, their variation would be larger 
than that of smaller pores inherent in the soil matrix (Mohanty et al., 1994). Saturated 
hydraulic conductivity is highly sensitive to macro-pores. The inherent relationship 
between Ks and macro-pores is therefore critical for the spatial structure of Ks at the field 
scale (Marín-Castro et al., 2016).  
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Figure 2.3 Semivariograms for measured hydraulic conductivity and apparent electrical 
conductivity. 
(a-d: semivariograms of measured hydraulic conductivity, e-h: semivariograms of 
apparent electrical conductivity, i-l: cross semivariograms of measured hydraulic 
conductivity and apparent electrical conductivity) 
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For the ROSETTA-estimated hydraulic conductivity under saturated and near saturated 
conditions, the corresponding relative nugget effect ranged from 28% to 32% (Figure 2.4). 
Therefore, ROSETTA-estimated hydraulic conductivity showed a moderate spatial 
dependence that is more pronounced than that of the measured hydraulic conductivity, 
especially for Ks. Semivariances for hydraulic conductivity predicted by ROSETTA were 
consistently smaller than those for measured hydraulic conductivity. Also, the range values 
for ROSETTA-predicted data were larger than those for measured data. These results 
indicated that ROSETTA-estimated hydraulic conductivity was more homogeneous or 
continuous than measured data in the field. This phenomenon might be a result of the 
estimates being calculated mainly based on soil texture-related properties. The spatial 
structure of ROSETTA-estimated hydraulic conductivity followed the spatial structure of 
clay content in the same field (Reyes et al., 2018). The spatial variability exhibited by 
ROSETTA-estimates was therefore dominated by textural properties, which represented 
the intrinsic variation (e.g., texture, mineralogy) inherited from soil genesis. However, in 
many field soils, wet-range hydraulic conductivity is rather sensitive to soil structure, 
which is strongly influenced by extrinsic variations (e.g., biological activity, agricultural 
management) (Jarvis et al., 2002). Therefore, both intrinsic and extrinsic factors dominated 
the semivariograms based on measurements, whereas only intrinsic factors influenced the 
semivariograms of PTF estimates and the resulting interpolated maps. Compared with 
intrinsic factors, extrinsic factors show much more spatial heterogeneity (Cambardella et 
al., 1994; Romano, 2004). Therefore, measured hydraulic conductivity exhibited more 
heterogeneity and weaker spatial dependence than ROSETTA estimates. 
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Figure 2.4 Semivariograms for estimated hydraulic conductivity with ROSETTA 
Based on measured data, there was a good spatial correlation (RNE ranged from about 8% 
to 42%) between hydraulic conductivity and apparent electrical conductivity (Figure 2.3 i-
l). This spatial relationship was represented by a rapidly decreasing cross semivariance 
calculated between hydraulic conductivity and ECa values, which indicated that high values 
of hydraulic conductivity corresponded to low values of ECa, and vice versa. This result 
suggested that ECa could be used as an ancillary variable to predict the spatial distribution 
of saturated and near saturated hydraulic conductivity with co-regionalization analysis in 
the field. This approach would be preferred, as ECa is easily and accurately determined.  
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2.3.2 Spatial distribution of hydraulic conductivity 
The fitted semivariogram and cross semivariogram models for measured hydraulic 
conductivity were used in cokriging to generate hydraulic conductivity maps with a 
resolution of 2 × 2 m2. Based on measured data, Ks showed very strong spatial variability 
and was markedly different from the spatial patterns of near saturated hydraulic 
conductivity (Figure 2.5 a-d). As soil water pressure approached zero, hydraulic 
conductivity may depend to a large extent on small numbers of large pores (Bodhinayake 
and Si, 2004). Soil pores with equivalent diameter larger than 300 μm (i.e., soil water 
pressure of -10 cm) have profound influence on water movement in a field with well-
structured soils (Jarvis et al., 2002; Jarvis, 2007). Hydraulic conductivity at or close to 
saturation (h ≥ -10 cm) is therefore important to illustrate the effects of soil macro-pores. 
A significant drop in hydraulic conductivity near saturation is always observed in soils with 
macro-pores when these pores drain under slight pressure decrease and do not participate 
in flow anymore (Bouma, 1981; Jarvis et al., 2002; Børgesen et al., 2006). The difference 
between Ks and K-10, i.e., Ks - K-10, is considered as macro-pore hydraulic conductivity 
(Jarvis et al., 2013). By comparing measured hydraulic conductivity maps, a large reduction 
(~95%) in hydraulic conductivity was observed in the field when soil water pressure 
dropped from 0 to -10 cm. The drop in hydraulic conductivity was caused by emptying of 
macro-pores. The spatial pattern of macro-pore hydraulic conductivity (Ks - K-10) in the field 
was further characterized and is shown in Figure 2.6. The macro-pore hydraulic 
conductivity calculated from measured data also exhibited high heterogeneity in the field 
(Figure 2.6 a). Note that the Ks map and macro-pore hydraulic conductivity map generated 
from measured data showed similarity for major areas in the field. This result indicated that 
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the macro-pore effect was predominant in the studied field and had a great contribution to 
Ks. The presence of large pores increased the spatial variability of Ks in the field. 
The spatial patterns of hydraulic conductivity in the same field were also generated with 
ROSETTA-predicted data (Figure 2.5 e-h). The ROSETTA-estimated Ks map behaved 
similar to the corresponding spatial distributions of estimated near saturated hydraulic 
conductivity. Compared with measured data, the Ks map obtained using PTF-estimated 
data showed less heterogeneity. Also, the macro-pore hydraulic conductivity calculated 
based on PTF estimates was more homogeneous than the macro-pore hydraulic 
conductivity calculated based on measured data in the field and had relatively small 
magnitude (Figure 2.6 b). Actually, the predicted macro-pore hydraulic conductivity varied 
by less than half-order of magnitude. This result indicated that ROSETTA is incapable of 
identifying the macro-pore effects observed in the field. PTFs developed from large 
databases like ROSETTA, by their nature, tend to smooth the spatial behavior of data. In 
the field investigated, soil texture related properties reveal a relatively narrow range, much 
narrower than the range represented in databases that were used for developing ROSETTA. 
The influence of soil texture on hydraulic conductivity was masked by local processes, 
such as soil structure. The variance of Ks observed in this field was therefore significantly 
underestimated by ROSETTA, which is a texture-dominated PTF. Soil structural 
information is particularly important in the wet range of the hydraulic conductivity function 
(Weynants et al., 2009). Although soil structure is manifested to some degree in particle-
size distribution, it cannot be predicted solely from textural properties (Reynolds and 
Zebchuk, 1996; Lin et al., 1999a; Ghafoor et al., 2013). Even if dry bulk density as a soil 
structural parameter is included in the ROSETTA estimation, it is hardly correlated with 
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hydraulic conductivity at saturation because a few continuous macro-pores are hardly 
causing a measurable difference in bulk density or total porosity but have a huge influence 
on wet range hydraulic conductivity. However, soil structure or macro-pore information is 
rarely incorporated in established PTFs, since it is difficult to quantify and unavailable in 
most databases. Therefore, these models that relate soil Ks to textural properties and bulk 
density alone cannot correctly predict Ks for soils with a pronounced structure and with a 
hierarchical pore organization such as aggregated soils, e.g., many soils under no-till. 
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Figure 2.5 Spatial patterns of hydraulic conductivity based on measured (a-d) and 
predicted (e-h) data. 
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Figure 2.6 Spatial patterns of macro-pore hydraulic conductivity based on measured (a) 
and predicted (b) data. 
Based on measured hydraulic conductivity, near saturated hydraulic conductivity exhibited 
a spatially more homogeneous pattern than measured Ks (Figure 2.5 a-d). Note that 
although ROSETTA slightly overestimated the values, the spatial patterns of measured 
hydraulic conductivity in major areas were still captured by estimated data when the matric 
potential decreased to -10 cm (Figure 2.5 d and h). This result suggested that established 
PTFs, in which soil structure or macro-pore effects are not considered, might still be 
suitable for studying the spatial variability of unsaturated hydraulic conductivity that is not 
strongly influenced by soil structure as Ks, but will lack precision when applied for 
characterizing spatial distribution of Ks in a field with structured soils. This result is 
consistent with the observations reported by da Silva et al. (2017), who found that the 
observed spatial pattern of unsaturated hydraulic conductivity can be reasonably predicted 
by ROSETTA-estimated data. The findings also indicated that K measured at saturation, 
which is sensitive to macro-pore flow, might not be an appropriate matching point for 
unsaturated hydraulic conductivity function. The unsaturated flow, which occurs in soil 
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matrix, might be overestimated by using measured Ks as matching point for hydraulic 
conductivity function. Hydraulic conductivity measured at slightly unsaturated condition 
or PTFs-estimated Ks might be a better alternative to be used as a matching point (Ehlers, 
1977; Schaap and Leij, 2000; Jarvis et al., 2002). 
2.4 Conclusions 
In this study, the spatial variability of wet range hydraulic conductivity observed in a no-
till farmland was characterized with co-regionalization analysis and compared with the 
spatial variability of the results simulated with the ROSETTA PTF. According to 
semivariograms, near saturated hydraulic conductivity showed stronger spatial structure 
than Ks and Rosetta estimated hydraulic conductivity had more pronounced spatial 
dependence than measured data at the sampling scale used. Sampling at closer intervals is 
required to obtain a more informative semivariogram of measured Ks. From cross 
semivariograms, good spatial relationship between measured hydraulic conductivity and 
ECa was found, which suggested that ECa could be used as an ancillary variable to predict 
the spatial distribution of hydraulic conductivity in the field. Based on cokriged maps using 
measured data, Ks showed high spatial heterogeneity, which means water management 
strategies should be adapted to different zones within the field. However, the strong spatial 
variation of measured Ks, which was caused by a macro-pore effect, observed in the field 
was not captured by PTF estimates. The results indicated that texture-dominated PTFs, in 
which soil structure was not taken into account, might be useful in characterizing the spatial 
patterns of unsaturated hydraulic conductivity rather than Ks influenced by macro-pores. 
The Ks map based on PTF estimates should be evaluated carefully and handled with caution, 
especially when the map is used for precision resources management. This study also 
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reinforces the question whether K functions computed based on pore size distributions 
should be matched for K measured under unsaturated conditions rather than at saturation. 
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Chapter 3 Effect of macro-porosity on pedo-transfer function estimates at the field 
scale 
Reproduced with permission from Zhang, X., J. Zhu, O. Wendroth, C. Matocha and 
D. Edwards. 2019. Effect of macro-porosity on pedo-transfer function estimates at the 
field scale. Vadose Zone Journal. DOI: 10.2136/vzj2018.08.0151. Copyright © Soil 
Science Society of America 2019 
3.1 Introduction 
Hydraulic conductivity, K, as a function of soil water pressure head h [K(h)] or of soil water 
content θ [K(θ)] is one of the crucial hydraulic property functions for assessing water and 
solute transport in soil, deriving irrigation strategies, and predicting infiltration and runoff 
(Aimrun et al., 2004; Jarvis et al., 2013; Yao et al., 2015; Ghanbarian et al., 2017). As the 
matching point for the unsaturated hydraulic conductivity function, saturated hydraulic 
conductivity (Ks) is an essential input parameter for hydrological models (Schaap and Leij, 
2000). Accurate characterization of Ks is therefore important for agricultural and 
environmental management, as well as for the description of water flow at the soil surface 
in land surface models (Montzka et al., 2017). However, Ks often exhibits heterogeneous 
spatial and temporal patterns and scale dependency (Nielsen et al., 1973; Sobieraj et al., 
2004; Santra and Das, 2008). Depending on the measurement method and the scale of the 
measurement, different results for Ks can be obtained for the same area and even for the 
same sample (Tietje and Hennings, 1996; Fuentes and Flury, 2005; Braud et al., 2017). 
Large numbers of soil samples are generally required to derive the average Ks in a study 
area and even more samples may be necessary to accurately characterize the spatial 
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variability of Ks in that area. Direct measurements of Ks are often arduous, time-consuming, 
and expensive (Wösten et al., 2001; Li et al., 2007). To overcome these limitations and the 
lack of measured data and to obtain estimates of Ks for large regions, pedo-transfer 
functions (PTFs) have been developed and are increasingly being used as an alternative 
approach to estimate Ks indirectly through more easily measurable soil properties that may 
already exist from soil surveys or existing soil databases (Wösten et al., 2001; Pachepsky 
et al., 2006; McBratney et al., 2011). 
The concept of pedo-transfer functions, which link soil hydraulic properties with more 
readily available soil properties, e.g., texture, bulk density, or organic matter, was first 
introduced by Bouma and van Lanen  (1987). In the past three decades, a number of PTFs 
have been developed to estimate Ks (Wösten et al., 2001). PTFs can be developed either 
from e.g., multiple regression (Cosby et al., 1984; Puckett et al., 1985; Saxton et al., 1986; 
Vereecken et al., 1990; Wösten, 1997; Wösten et al., 1999; Wang et al., 2012a), regression 
and classification trees (Lilly et al., 2008; Jorda et al., 2015), artificial neural network 
(Schaap et al., 2001; Zhao et al., 2016), support vector algorithms (Khlosi et al., 2016), or 
k-nearest neighbor (Nemes et al., 2006) methods. Many software packages, such as 
ROSETTA (Schaap et al., 2001) or SOILPAR (Acutis and Donatelli, 2003), make the 
estimation of important hydraulic parameters, such as Ks, convenient. The accuracy of 
prediction is usually compromised for convenience and this convenience results in the 
temptation to just accept and use them without much critique. 
Although PTFs have been used for many years, there is very little information on where 
they can be applied and their performance is overly optimistic (McBratney et al., 2011). 
The performance of PTFs is influenced by the dataset used for calibration and evaluation 
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(Schaap and Leij, 1998). A PTF may perform well in the region for which it was developed 
and is most sensitive to those properties that exhibit the largest variation in that region and 
at the particular scale. However, its application in other regions does not always yield 
satisfactory results, and therefore, the reliability of PTFs needs to be critically examined 
(Tietje and Hennings, 1996; Wagner et al., 2001). Furthermore, PTFs were developed at 
various research scales, including regional (Puckett et al., 1985), national (Saxton et al., 
1986), international (Wösten et al., 1999), and intercontinental (Schaap et al., 2001) scales. 
Although most agricultural and environmental management (e.g., irrigation, drainage, 
fertilizer and pesticide application) occurs at the field scale, the application of PTFs for 
estimating Ks at the field scale is still rarely reported (Parasuraman et al., 2006). Spatial 
variation of Ks and its influencing factors may change with increasing or decreasing the 
scale of consideration. Factors such as soil texture, soil structure, topographic attributes, 
vegetation that may dominate processes at one scale may not have a significant effect at 
other scales (Zeleke and Si, 2005; Wang et al., 2013). At large scales, e.g., the domain of 
a continent or a country, soil texture might be a dominant factor for the magnitude and 
spatial variation of Ks, although local scale factors, such as soil structure, may still play a 
role in describing the spatial variability of Ks. On the other hand, at the small scale of a 
farmer’s field, the spatial heterogeneity of Ks caused by the soil textural variation can be 
masked by soil structure as well as landscape position, topography-related hydrologic 
conditions and agricultural management (Zeleke and Si, 2005; Montzka et al., 2017). 
In many field soils, it is commonly observed that hydraulic conductivity changes 
dramatically across a small pressure range near saturation, e.g., between pressure heads of 
-10 and 0 cm, due to the presence of macro-pores (Booltink and Bouma, 2002; Jarvis et al., 
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2002; Børgesen et al., 2006). Soil structural pores are manifested to some degree in 
particle-size distribution, however, it cannot be predicted solely from textural properties 
(Lin et al., 1999a). Therefore, models that relate soil Ks to textural properties alone cannot 
correctly predict Ks for soils with a pronounced structure and a hierarchical pore 
organization such as in aggregated soils and many soils under no-till management (Wagner 
et al., 2001; Weynants et al., 2009; Rahmati et al., 2018). Even if dry bulk density as a soil 
structural parameter is included in a PTF, it is hardly correlated with Ks or K close to water 
saturation because a few continuous macro-pores are hardly causing a difference in bulk 
density or total porosity but have a huge impact on hydraulic conductivity at and near 
saturation (Beven and Germann, 1982).  
However, few established PTFs, which were derived at a large scale using large datasets, 
incorporated important soil structural information because soil structure is difficult to 
quantify and this information is unavailable in these databases (Weynants et al., 2009; Van 
Looy et al., 2017; Weihermüller et al., 2017; Rahmati et al., 2018). Some attempts have 
been made to include effective porosity, which was calculated by using saturated 
volumetric soil water content (or total porosity) minus the value of volumetric water 
content at field capacity, in PTFs to predict Ks (Ahuja et al., 1984; Aimrun et al., 2004; 
Yao et al., 2015). However, the effects of soil structural pores can be identified until a soil 
water pressure head of about -40 cm (Schaap and van Genuchten, 2006), which is much 
higher than the pressure head at field capacity (h= -100 or -330 cm) in previous studies. 
The application of PTFs in estimating Ks at a specific site that contains structured soil in 
the sense of a diverse and hierarchical pore system might yield results with very limited 
accuracy and relevance if these structural features are disregarded (Lin et al., 1999b; 
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Vereecken et al., 2010). These PTFs might be of limited use for estimating water transport 
at a specific field or even a specific zone within a field (Parasuraman et al., 2006). 
Therefore, for field scale application purposes, developing PTFs from a small set of 
relevant site-specific data may turn out more successful than using PTFs derived from a 
large but more general dataset where locally specific conditions such as structural features 
might get lost (Nemes et al., 2003). Soil structural information, i.e., volume and geometry 
of macro-pores, which is not reflected by texture, bulk density, and organic matter, is 
therefore essential in PTF development (Lin et al., 1999a; Lin et al., 1999b; Wösten et al., 
2001; Pachepsky and Rawls, 2003; Vereecken et al., 2010; Arrington et al., 2013; Van 
Looy et al., 2017; Rahmati et al., 2018). 
The objectives of this study were to evaluate the performance of established PTFs in 
estimating Ks in zones of different soil type and structure within a specific field and to 
examine if the estimation of Ks at the field scale with PTFs can be improved by including 
soil structural information. 
3.2 Materials and Methods 
3.2.1 Site description and soil sampling 
This research was conducted in a no-till farmland (~30 ha) located in Caldwell County, 
Kentucky, United States (37°1′42″~37°1′58″N, 87°51′11″~87°51′33″W). In this region, 
the mean annual precipitation is 1300 mm with a mean annual air temperature of 15°C (US 
Climate Data, 2016). Wheat/ double-crop soybean/ corn rotation is practiced in the 
particular field of this study. Ten locations of soil samples across the field were selected 
by considering diverse conditions with regard to soil clay content based on the clay map in 
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this field (Reyes et al., 2018). At each site, a soil pit was dug from the surface to 1 m depth 
(20 cm depth increment, five depths). Undisturbed soil cores from the middle 6 cm at each 
of the five depths (7-13, 27-33, 47-53, 67-73, and 87-93 cm) were collected using cutting 
rings (diameter: 8.4 cm, height: 6 cm, volume: 332 cm3). For three of the ten locations, 
undisturbed soil cores were only taken from the upper two depths because the soil was too 
clayey and too wet at greater depths to obtain undisturbed core samples. Bulk soil samples 
were also collected from each point. Undisturbed soil cores were used to measure saturated 
and near-saturated hydraulic conductivity, soil water retention in the wet range, and bulk 
density. Disturbed soil samples were air-dried and passed through a 2-mm sieve for other 
soil physical property analyses.  
3.2.2 Laboratory analysis 
Soil textural composition was determined with the sieving and the pipette method (Gee and 
Or, 2002). The core method was used to measure bulk density (ρb) (Grossman and Reinsch, 
2002). Soil organic matter (SOM) was measured with the combustion method (Nelson and 
Sommers, 1982). 
Saturated hydraulic conductivity (Ks) was determined using a permeameter (Eijkelkamp, 
Netherlands) based on Darcy’s law under constant and falling head conditions depending 
on the individual percolation rate of each sample (Klute and Dirksen, 1986). Near-saturated 
hydraulic conductivity is useful in studying the influence of soil structural macro-pores on 
hydraulic conductivity and rapid infiltration (Jarvis et al., 2013). Hydraulic conductivity at 
potentials of -1 cm (K-1), -5 cm (K-5), and -10 cm (K-10) was therefore measured with a self-
developed double pressure plate-membrane apparatus with two tension plates at the upper 
and lower end of the soil core (Wendroth and Simunek, 1999), which are similar to those 
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used with tension infiltrometers. The computation of K(h) is based on Buckingham-
Darcy’s law. 
The soil water retention curve (-650 cm < h < 0 cm) of each sample was measured using a 
slow evaporation method (Wendroth et al., 1993; Wendroth and Wypler, 2008). The 
measured matric potential-water content (h-θ) data (-650 cm < h < 0 cm) was fitted to the 
van-Genuchten (1980) water retention equation (1) by optimizing θs, θr, α, and n.  
𝜃𝜃 = 𝜃𝜃𝑟𝑟 +
𝜃𝜃𝑠𝑠−𝜃𝜃𝑟𝑟
[1+(𝛼𝛼|ℎ|)𝑛𝑛]1−1/𝑛𝑛
                                                                                                                (3.1) 
where θr (cm3 cm-3) is the residual water content, θs (cm3 cm-3) is the saturated water content, 
h (cm) is soil water pressure head, α (cm-1) is related to the inverse of the air-entry pressure 
head, and n (-) is an empirical shape parameter. The fitted water retention equation parameters 
were used in the following soil water content and macro-pore volume calculations. 
Soil water content at potentials of -100 cm (θ-100) and -330 cm (θ-330) were calculated from 
the water retention curve because water contents at these pressure heads are widely applied 
as field capacity water content. Soil water content at the permanent wilting point (h= -15000 
cm, θ-15000) was measured with a pressure plate apparatus (Soilmoisture, CA). In Kentucky, 
field capacity is considered as water content held by soil at a potential of -100 cm (Wendroth 
et al., 2018). Therefore, plant available water (PAW) equals to θ-100 – θ-15000. 
The soil pore diameter d (μm) can be associated with pressure head h (cm) with the 
equation of d=3000/|h| (Hillel, 1980). Soil macro-porosity (φ) can be measured from the 
volume of water drained between saturation and a certain potential (McIntyre and Sleeman, 
1982). For example, if h= -40 cm is used as delimitation for the macro-pore effect region, 
macro-pores are assumed to have noticeable contribution to soil water flow for pressure 
-41- 
 
head above -40 cm. The pores having a diameter larger than 75 μm have significant impacts 
on hydraulic conductivity. The macro-porosity is therefore equal to θs - θ(-40 cm). There is 
no defined h because the classification of macro-pore size is arbitrary. According to 
different researchers, equivalent diameters larger than 1000, 80, 75, 60, and 10 μm were 
considered as macro-pores (Luxmoore, 1981; Bouma, 1991; Singer and Munns, 2002; 
Vereecken et al., 2010; Arrington et al., 2013; Voroney and Heck, 2015; Weil and Brady, 
2016). Several investigations found that although macro-pores have the most significant 
contribution to hydraulic conductivity between -3 and 0 cm, the effects of macro-porosity 
can be identified above a matric potential of about -40 cm (Mohanty et al., 1997; Schaap 
and van Genuchten, 2006). Therefore, diameters of 1000 μm (h= -3 cm) and 75 μm (h= -
40 cm) were considered as delimitations of macro-pores in this study. Here, we must point 
out that soil water content at the potential of -3 cm was actually calculated from the 
extrapolated part of soil water retention curve (see section 3.3.1 for details). 
3.2.3 Evaluation of published pedo-transfer functions 
Based on available soil data in this study, seven widely used PTFs (Table 3.1) were selected 
to assess their performance in estimating Ks and compared to measured Ks for the soil cores 
collected in the field. Three statistical parameters (root mean square error, RMSE; Nash-
Sutcliffe efficiency, NSE; and coefficient of determination, R2) were considered as 
evaluation criteria (Nash and Sutcliffe, 1970; Haghverdi et al., 2014). 
RMSE=�1𝑞𝑞 ∑ (𝑚𝑚𝑖𝑖 − 𝑝𝑝𝑖𝑖)
2𝑞𝑞
𝑖𝑖=1                                                                                                          (3.2) 
NSE=1 − �
∑ (𝑚𝑚𝑖𝑖−𝑝𝑝𝑖𝑖)2
𝑞𝑞
𝑖𝑖=1
∑ (𝑚𝑚𝑖𝑖−𝑚𝑚� )2
𝑞𝑞
𝑖𝑖=1
�                                                                                                                (3.3) 
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R2= �
∑ (𝑚𝑚𝑖𝑖−𝑚𝑚� )(𝑝𝑝𝑖𝑖−?̅?𝑝)
𝑞𝑞
𝑖𝑖=1
�∑ (𝑚𝑚𝑖𝑖−𝑚𝑚� )2 
𝑞𝑞
𝑖𝑖=1 ×�∑ (𝑝𝑝𝑖𝑖−?̅?𝑝)
2𝑞𝑞
𝑖𝑖=1
�
2
                                                                                                (3.4) 
where q is the number of observations, mi and pi are the ith measured and predicted Ks 
values, respectively, 𝑚𝑚�  is mean of measured Ks, and ?̅?𝑝 is mean of predicted Ks. RMSE 
should be as low as possible. NSE ranges from −∞ to 1 and should be close to 1. R2 ranges 
from 0 to 1 and should be close to 1. 
Table 3.1 Selection of widely applied pedo-transfer functions for the prediction of saturated 
hydraulic conductivity. 
Pedo-transfer 
functions Region 
Number of 
Samples Input data† 
Cosby et al. 1984 United States 1448 Sand, Clay 
Puckett et al. 1985 Alabama,  United States 42 Clay 
Saxton et al. 1986 United States 5371 Sand, Clay, θs 
Vereecken et al. 1990 Belgium 182 Sand, Clay, ρb, OM  
Wӧsten 1997 The Netherlands 620 Clay, ρb, OM 
Wӧsten et al. 1999 Europe 1136 Silt, Clay, ρb, OM, Topsoil/Subsoil   
Schaap et al. 2001 
(Rosetta)  
United States 
and Europe 1306 
Class PTFs: Textural class 
Continuous PTFs: Sand, Silt,     
Clay, ρb, θ-330, θ-15000 
† θs, saturated water content; ρb, bulk density; OM, organic matter; θ-330 and θ-15000, soil water content at 
potentials of -330 cm and -15000 cm. 
3.2.4 Development of pedo-transfer functions 
Before a new PTF was developed, the factors influencing Ks in the field were identified 
using principal component analysis (PCA) and Pearson correlation coefficients. All the 
data was transformed to be normally distributed using Box-Cox normal transformation 
(Box and Cox, 1964) prior to PCA and Pearson correlation analysis. 
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Based on a correlation matrix, PCA describes the interrelationships among a set of 
variables by linearly combining original variables to create a new set of uncorrelated 
variables, i.e., principal components (PCs). Those variables with high factor loadings in 
the PCs with high eigenvalues were considered as dominant factors. Only PCs with 
eigenvalues greater than 1 were retained in this study (Yao et al., 2015). For each PC, only 
those variables with absolute factor loading values within 10% variation of the highest 
absolute factor loading value were selected (Mandal et al., 2008). The strength of the 
interrelationships among factors were determined using Pearson correlation coefficients. 
For the prediction of Ks, the multiple linear regression (MLR) method was more suitable 
and convenient compared with other development methods (Merdun et al., 2006; Wang et 
al., 2012a; Zhao et al., 2016). The new PTF was derived based on the most significant 
variables using the MLR equation of the form (Santra and Das, 2008): 
y= a0+ ∑ 𝑎𝑎𝑖𝑖𝑥𝑥𝑖𝑖𝑚𝑚𝑖𝑖=1                                                                                                                              (3.5) 
where y is the dependent variable (Ks); a0 is the intercept; ai is the ith regression coefficient; xi is 
the ith independent variable (influencing factors); and m is the number of independent variables. 
The dataset was randomly divided into training and validation subsets. The training dataset 
had 27 records (67% of the total dataset), while the validation dataset had 14 records (33% 
of the total dataset). The number of realizations needed for developing a stable model 
cannot be predetermined. A total of 100 realizations, which were similar to the development 
of ROSETTA, were generated to evaluate the uncertainty of parameters due to their bias 
towards any particular training-validation dataset pairs. Therefore, 100 MLR equations 
were obtained. The intercepts and coefficients in the final equation were obtained from the 
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arithmetic average of 100 intercepts and coefficients, respectively, i.e., a0= 
∑ 𝑎𝑎0𝑗𝑗100𝑗𝑗=1
100
  and ai= 
∑ 𝑎𝑎𝑖𝑖𝑗𝑗100𝑗𝑗=1
100
. The accuracy of the new PTF was evaluated using the RMSE, NSE, and R2. 
All the data analyses were accomplished with JMP® 12.1 (SAS Institute Inc.) and R Studio 
(R Development Core Team, 2016). 
3.3 Results and Discussion 
3.3.1 Soil water retention curve 
In general, the van Genuchten (1980) model fitted the water retention data in our study 
very well. The mean error of all the samples approximated to zero. The RMSE of most soil 
samples was below 0.002 cm3 cm-3, and for several additional samples it was below 0.004 
cm3 cm-3. The van Genuchten (1980) function reflects unimodal pore-size distribution. The 
readers should be aware of the fact that the van Genuchten (1980) model parameterization 
might not be accurate in describing hydraulic functions for structural soil with multimodal 
pore-size distribution. Overall, soils in the field investigated showed macroporous soil 
structure to some extent, which was confirmed by a sharp decrease in hydraulic 
conductivity that was observed when soil water pressure dropped from 0 to -10 cm (Figure 
3.5, see section 3.3.3 for details). Water retention curves of four soils showing a macro-
pore effect are presented in Figure 3.1. The RMSEs of the four soils were 0.0039, 0.0015, 
0.0010, and 0.0009 cm3 cm-3, respectively. Although slight deviations between measured 
retention data and the fitted retention curve were identified in some soil samples due to 
heterogeneous pore size distributions (e.g., Figure 3.1A), for practical purposes, this does 
not restrict the usefulness of the van Genuchten (1980) function as an empirical model for 
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the retention curve in our research. Note that the water retention curve in the range near 
saturation (-3 and 0 cm) was obtained by extrapolating retention data from lower water 
contents. Therefore, the pore-size distribution in the high water content range might not be 
precisely described. In order to depict the pore system in the large pore diameter range, 
measurements close to saturation should be taken at small pressure intervals and as 
accurately as possible which is experimentally difficult due to the influence of gravity 
changing the equilibrium pressure in a soil core with depth in the soil core. Therefore, 
precisely and reproducibly determining the soil water content and describing the water 
retention curve at high pressure heads near saturation remain a challenge (Durner, 1994; 
Vereecken et al., 2010). The soil water content within this range (h higher than -5 cm) 
cannot be captured by the evaporation method used in this study. Pragmatically, Corey 
(1992) suggested that it is reasonable to describe the secondary pore system in the large 
pore range by extrapolating the retention curve from lower water contents to saturation. In 
this study, water content at the pressure head of -3 cm was calculated from the extrapolated 
part of the soil water retention curve and used to estimate macro-porosity (pores having 
diameter larger than 1000 μm). Mohanty et al. (1997) found that soil water content changed 
very little in the range near saturation even in structural soils with macro-pores. Therefore, 
as a proximate approach, we assumed here that this method was a valid alternative to 
measuring macro-porosity for practical purposes. Notice, this macro-porosity (d ≥ 1000 
μm) is not strictly determined and uncertainties existed in this calculation. 
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Figure 3.1 Soil water retention data of four soils with macro-pores in this study. 
3.3.2 Descriptive statistics of soil properties 
Descriptive statistics of soil hydraulic conductivity and relevant physical properties are 
shown in Table 3.2. The ranges of Ks, K-1, K-5, and K-10 were between 0.016 and 22,865 cm 
day-1, 0.070 and 102.9 cm day-1, 0.060 and 44.42 cm day-1, and 0.040 and 23.21 cm day-1, 
respectively. For several soil samples with low Ks, the near-saturated hydraulic 
conductivity was slightly higher than Ks. Those slight inconsistencies in the data might be 
introduced by different measurement methods (Vereecken et al., 2010). The relatively low 
conductivity of some samples did not change substantially regardless whether the sample 
was measured under saturated or slightly unsaturated conditions, and it is assumed that this 
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measurement result reflected measurement uncertainty and the absence of macro-pores. 
Another explanation could be that soil pores were rinsed out or eroded during the 
experiment, since measuring low-permeability soil samples took a long time. For soil 
samples with low permeability, the falling head method was used to measure Ks. During 
this process, evaporation cannot be completely avoided, which may also cause 
underestimation in Ks. The coefficients of variation (CV) indicated that hydraulic 
conductivity, especially Ks, was more variable than other physical properties. The high 
degree of variation between different soil cores in saturated and near-saturated hydraulic 
conductivity was possibly caused by the influence of soil macro-pores. In this no-till soil, 
high spatial variation in soil macro-porosity was observed. For instance, macro-porosity 
(pores having equivalent diameter larger than 1000 μm) exhibited a CV of 90.7%. 
Although, macro-pores account for only a small volume fraction (less than 4% in this 
research), they have important influence on soil saturated and near-saturated hydraulic 
conductivity (Beven and Germann, 1982) due to their size and geometry (Ehlers et al., 
1995). Two textural classes (silt loam and silty clay loam) were observed in the field 
investigated here (Figure 3.2). Silt loam was determined as the predominant soil texture. 
The average bulk density was 1.604 g cm-3, while the mean organic matter content was 
0.75%. Soil water contents at matric potentials of -100, -330, and -15000 cm had mean 
values of 0.408, 0.383, and 0.238 cm3 cm-3, respectively, and the average plant available 
water capacity was 0.170 cm3 cm-3. 
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Figure 3.2 Textural composition of soils investigated in this study. 
Table 3.2 Descriptive statistics for soil hydraulic conductivity and other physical properties 
over all depths (N= 41). 
Variables† Maximum Minimum Mean Geometric mean S.D. ‡ CV, % ‡ 
Ks, cm day-1 22,865 0.016 662.5 5.094 3572 539 
K-1, cm day-1 102.9 0.070 9.256 2.181 19.42 210 
K-5, cm day-1 44.42 0.060 4.728 1.263 9.996 211 
K-10, cm day-1 23.21 0.040 1.862 0.625 4.223 227 
Sand, % 15.69 1.157 4.363 3.588 3.059 70.1 
Silt, % 84.05 53.18 71.25 70.91 6.854 9.62 
Clay, % 33.94 14.13 24.39 23.76 5.446 22.3 
ρb, g cm-3 1.738 1.392 1.604 1.602 0.076 4.74 
SOM, % 2.290 0.240 0.751 0.603 0.532 70.8 
φ (d ≥1000 μm), % 0.664 0.004 0.158 0.103 0.143 90.7 
φ (d ≥75 μm), % 4.002 0.201 1.628 1.316 1.002 61.5 
θ-100, cm3 cm-3 0.509 0.366 0.408 0.407 0.025 6.23 
θ-330, cm3 cm-3 0.499 0.338 0.383 0.382 0.030 7.74 
θ-15000, cm3 cm-3 0.428 0.117 0.238 0.230 0.061 25.7 
PAW, cm3 cm-3 0.284 0.081 0.170 0.163 0.047 27.9 
† Ks, measured saturated hydraulic conductivity; K-1 K-5 and K-10, hydraulic conductivity at potentials of -1 
cm -5 cm and -10 cm; ρb, bulk density; SOM, soil organic matter; φ (d ≥1000 μm) and φ (d ≥75 μm), macro-porosity 
of pores having equivalent diameter greater than 1000 μm and 75 μm; θ-100 θ-330 and θ-15000, soil water 
content at potentials of -100 cm -330 cm and -15000 cm; PAW, plant available soil water content. 
‡ S.D. standard deviation, CV coefficient of variation (S.D. and CV were computed based on non-transformed 
data) 
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3.3.3 Evaluation of established pedo-transfer functions 
The reliability of the most widely used PTFs in estimating Ks at the field scale was 
evaluated and compared to locally measured data (Figure 3.3). The predicted Ks values 
from the PTFs were weakly related to measured Ks values based on high RMSE, and low 
NSE and R2 values. In fact, the predicted Ks values varied by 2 orders of magnitude whereas 
measured Ks data varied by 5 orders of magnitude. All PTFs, by their very nature, tend to 
smooth data to some degree (Pringle et al., 2007). This might also explain why PTFs 
systematically overestimated low measured Ks and underestimated high Ks for this field. In 
general, only the mean level (based on log-transformed data) of estimated Ks for PTFs 
(except Saxton and Vereecken PTFs) represented the mean (based on log-transformed data) 
of measured values (t-test at the 5% significance level) (Figure 3.4). Although it has been 
recommended that a given PTF should not be used beyond the geomorphological/pedoclimatic 
region or soil type from which it was derived, the differences and similarities between the 
development and application datasets in the data range as well as the underlying correlation 
patterns have more significant impacts on the reliability of a PTF (Wösten et al., 1997; 
Nemes, 2015; Van Looy et al., 2017). In this study, local soil properties are covered by all 
databases that were used to derive selected PTFs. In this field where two soil types were 
found, the range of soil texture related properties was much narrower than the range 
represented in databases that were used for developing PTFs. The variation of Ks was not 
sufficiently reflected by the variation of soil texture, bulk density, and organic matter, 
which are commonly used to predict Ks in PTFs developed for soils distributed over regions 
larger than in this study. Therefore, these texture-dominated PTFs underestimated the 
variance of Ks observed in this field due to processes dominant at smaller scales, such as 
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soil structure development. It is possible, however, that other soil properties that are 
relevant at the given scale might help improve the prediction. The relatively poor Ks 
prediction performance might be caused by possible macro-pore effects in the farmland, 
since bulk density and organic matter can only partially reflect soil structure (Wagner et 
al., 2001). The volume and geometry of large soil pores, which may not be correlated with 
the properties of the bulk soil, greatly influence saturated and near-saturated hydraulic 
conductivity (Ghafoor et al., 2013). The presence of large pores increases the uncertainty 
and complicates the prediction of Ks using published PTFs (Arrington et al., 2013). 
Therefore, the established PTFs, in which a macro-pore effect was not considered, might 
be suitable for predicting Ks for soil with pore systems dominated by matrix flow, but will 
lack precision when applied to structured soils that are influenced by macro-pores (Lin et 
al., 1999b). Even inclusion of one or two soil water content points in PTFs like done in 
ROSETTA did not improve the prediction of Ks, since water contents at field capacity and 
permanent wilting point are decoupled from the macro-pore region. Therefore, the 
influence of macro-pores on saturated water flow was further explored.  
-51- 
 
 
Figure 3.3 Measured and estimated saturated hydraulic conductivity, Ks, for the seven 
PTF models investigated. (See Table 3.1 for variable definitions.) 
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Figure 3.4 Estimated saturated hydraulic conductivity for the field samples on different methods. 
(Mean ± S.D., number over the symbol is the mean based on non-transformed data, cm day-1) 
1-Measured data, 2-Rosetta (sand, silt and clay), 3-Rosetta (sand, silt, clay and ρb),  
4-Rosetta (sand, silt, clay, ρb and θ-330), 5-Rosetta (sand, silt, clay, ρb, θ-330 and θ-15000),  
6-Cosby et al. 1984, 7-Puckett et al. 1985, 8-Saxton et al. 1986, 9-Vereecken et al. 1990,  
10-Wӧsten 1997, 11-Wӧsten et al. 1999. 
Hydraulic conductivity at or close to saturation (h ≥ -10 cm) is important to illustrate the 
effects of soil macro-pores. A significant drop in hydraulic conductivity is always observed 
in soils with macro-pores when pressure head slightly changes in the range near saturation 
because these macro-pores drain under even small pressure decrease and do not participate 
in water flow anymore (Bouma, 1981). The difference between K measured at saturation 
and at h = -10 cm, i.e., Ks - K-10, is therefore considered as macro-pore hydraulic 
conductivity (Jarvis et al., 2013). Hydraulic conductivity followed a log-normal 
distribution according to the Kolmogorov-Smirnov test at the 5% significance level. The 
geometric means for hydraulic conductivity at potentials of 0, -1, -5, and -10 cm were 5.094, 
2.181, 1.263, and 0.625 cm day-1, respectively. Based on geometric means, relative 
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hydraulic conductivity [Kr= K(h)/Ks] was used to provide a general picture of how macro-
pores affect rapid water flow in a field (Wilson and Luxmoore, 1988). Kr was plotted vs. 
the soil water pressure head and the associated equivalent diameter of the largest pore 
contributing to water flow. The decrease in relative hydraulic conductivity was fitted to an 
exponential model (Figure 3.5). A large reduction (~85%) in Kr was observed when soil 
water pressure dropped from 0 to -10 cm in this field. The drop in Kr was caused by 
emptying of macro-pores. This result indicated that the extremely rapid flow could happen 
through macro-pore flow systems, while macro-pores represent only a small fraction of 
total pore space. Therefore, the effects of macro-pores, which were obviously identified in 
this field, cannot be overlooked in estimating Ks in field soils with structural pores. 
 
Figure 3.5 Decrease in relative hydraulic conductivity as a function of soil water pressure head. 
(Kr= 0.82× e 1.19 h + 0.18, R2=0.95***) 
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3.3.4 Factors influencing saturated hydraulic conductivity 
Before the new PTF was developed, the relationships between measured Ks and other soil 
physical properties were investigated. The shape of the soil hydraulic conductivity curve 
can be estimated from soil water retention curve parameters. In previous studies, fitted or 
optimized van Genuchten (1980) water retention model parameters were successfully used 
as predictors of the relative hydraulic conductivity function and then combined with an 
estimate of Ks for matching the unsaturated hydraulic conductivity function (Schaap and 
Leij, 2000; Minasny et al., 2004). Therefore, the correlations between measured Ks and 
water retention curve parameters were also briefly studied in this research. The degree of 
linear association of Ks with relevant physical properties was determined using Pearson 
correlation analysis (Table 3.3). High positive correlations were found between Ks and silt 
content, macro-porosity for pores having diameter larger than 1000 μm [φ (d ≥1000 μm)], 
macro-porosity for pores having diameter larger than 75 μm [φ (d ≥75 μm)], and α. Ks was 
significantly negatively correlated with clay content, θ-100, θ-330, and θ-15000. Although, sand, 
bulk density, and organic matter were widely used as input in some established PTFs 
(Vereecken et al., 1990; Wösten et al., 1999), the correlations of Ks with sand, ρb, and SOM 
were generally weak in this study probably because the range of variation within our field 
site is smaller than the range obtained for large regions. Ks was strongly correlated with 
macro-porosity rather than with bulk density which is a proxy for total porosity. This result 
is consistent with the observations reported by Ahuja et al. (1984 and 1989), who found 
that there was a poor relationship between Ks and total porosity, compared to the 
relationship between Ks and macro-porosity (d ≥ 10 μm). It is obvious that macro-pores are 
the key in determining rapid water infiltration and drainage in soil, although, total pore 
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space remains important (Voroney and Heck, 2015). Ks showing strong positive correlation 
with α also confirmed this point. Parameter α is related to the air entry pressure and is an 
indicator of soil pore size. Higher α means larger radius of the largest pore in the system 
(Schaap and Leij, 2000). 
The PCA of fifteen soil physical properties resulted in four PCs, which had eigenvalues 
greater than 1 and accounted for 83% of the variance in the measured soil properties (Table 
3.4). The first PC explained 37% of the variance. It had high positive loadings on clay 
content, soil water content at potentials of -330 cm and -15000 cm, as well as high negative 
loading on silt content. Based on Pearson correlation, θ-330, and θ-15000 were significantly 
correlated with clay and silt content (p< 0.001). Therefore, PC1 was identified as soil 
texture related component. The second PC explained 24% of the variance with high 
loadings on φ (d ≥1000 μm), φ (d ≥75 μm), and α. The latter was highly correlated with macro-
porosity (p< 0.001). Thus, PC2 was named as soil structure or macro-porosity component. 
The third PC, which was dominated by bulk density only, explained 13% of the variance. 
Since bulk density influences soil total porosity, PC3 can be termed as another soil structure 
related component. The fourth PC, which was dominated by residual water content (θr), 
only explained 9% of the variance. θr is generally influenced by soil texture. For example, 
clayey soil usually has higher θr compared with sandy soil (van Genuchten, 1980). PC4 
was referred to as another soil texture related component. PCA indicated that the soil 
physical properties explaining Ks in the field could be grouped into two dominating factors, 
i.e., soil texture and soil structure. Soil structure, especially soil macro-pores, significantly 
influence Ks. Soil macro-pores are beneficial in characterizing hydraulic behavior in soils 
with structural features (Lin et al., 1999b; Arrington et al., 2013).  However, this factor is 
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missing in most PTFs, which might explain the unsatisfactory performance of selected 
PTFs in estimating Ks when applied to small domains such as our field site with soils that 
obviously show structural features of a hierarchical pore space organization (Wagner et al., 
2001; Weynants et al., 2009). 
Based on PCA and correlation analysis, silt, clay, θ-330, θ-15000, φ (d ≥1000 μm), φ (d ≥75 μm), and 
α were potential predictors in PTF development. Bulk density and organic matter were 
thought to be useful predictors for Ks and important in PC3 and PC5 (not shown, because 
eigenvalues for PC5-PC15 were less than 1). However, their Pearson correlation 
coefficients were not significant. Similar to bulk density and organic matter, residual water 
content was important in PC4. However, it had a weak correlation with Ks. These properties 
were therefore not considered in the development of a new PTF. The coefficients in a 
multiple linear regression model indicate the effect of a predictor on the response after 
adjusting for all other predictors in the model. It is possible for a predictor that seems to be 
significant in a simple bi-variate linear regression to become non-significant in multiple 
linear regression if the effect that variable has on the response is better explained by one or 
more of the other variables in the model. This is called multicollinearity, which occurs 
when regressing several highly correlated variables. This problem can be solved by 
developing a model with fewer independent variables. Therefore, it is crucial to select 
proper variables to form a subset of variables for model development. In the first PC, silt, 
clay, θ-330 and θ-15000 were important factors, and all the four variables were highly 
correlated with each other (p< 0.001). To select variables within this highly correlated 
group and reduce redundancy, the absolute values of the bivariate correlation coefficients 
for these variables – as the only criterion to select input variables – were summed. The 
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variable having the highest sum of absolute correlation coefficients was considered to 
represent the group best (Andrews and Carroll, 2001; Wang et al., 2012b). Despite the 
approach taken, the selection of representative variables remains somewhat subjective. 
There are chances that choosing other representative variables with a similar sum of 
correlation coefficients may yield similar results. Based on correlation coefficients, clay 
content was considered as the most representative factor of PC1 (Table 3.5). The three 
important factors in PC2, i.e., φ (d ≥1000 μm), φ (d ≥75 μm), and α, were also highly correlated (p< 
0.001). Since φ (d ≥75 μm) had the highest correlation sum (Table 3.6) and a strong relationship 
with Ks, it was considered as the better or more representative factor within PC2. 
Considering both Ks and φ (d ≥75 μm) being log-normally distributed (Kolmogorov–Smirnov 
test at the 5% significance level), the original data were log-transformed for the 
multivariate regression. Thus, clay content and log10 φ (d ≥75 μm) were used as predictors in 
the new PTF development. 
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Table 3.3 Pearson correlation coefficients between saturated hydraulic conductivity and soil physical properties.  
Variable† Ks ρb Sand Silt Clay SOM φ(d ≥1000 μm) φ(d ≥75 μm) θ-100 θ-330 θ-15000 PAW α n θs θr 
Ks    1.00                
ρb   -0.14   1.00               
Sand   -0.29  -0.15   1.00              
Silt    0.54***  -0.13 -0.56***   1.00             
Clay   -0.55***    0.29   0.22 -0.91***   1.00            
SOM    0.19  -0.29 -0.30   0.39* -0.41**   1.00           
φ(d ≥1000 μm)    0.43**  -0.27 -0.06   0.17 -0.18 -0.20   1.00          
φ(d ≥75 μm)    0.55***  -0.37* -0.09   0.27 -0.29   0.00   0.90***     1.00         
θ-100    -0.63***  -0.16   0.30 -0.58***   0.55*** -0.25  -0.12   -0.28   1.00        
θ-330    -0.66***    0.00   0.32* -0.70***   0.70*** -0.40*  -0.12   -0.32*   0.95***   1.00       
θ-15000    -0.42**    0.28   0.28 -0.78***    0.82*** -0.58***  -0.02   -0.14   0.56***   0.70***    1.00      
PAW    0.21  -0.07 -0.28   0.69*** -0.69***   0.41**  -0.01    0.07  -0.49**  -0.62***   -0.87***   1.00     
α    0.44**  -0.20 -0.02   0.02   0.01 -0.23    0.85***    0.90***  -0.16  -0.10     0.14  -0.24  1.00    
n    0.03  -0.11 -0.08   0.23 -0.24   0.46**  -0.63***   -0.31  -0.24  -0.35*   -0.32*    0.26 -0.43**  1.00   
θs    -0.26  -0.49**   0.30 -0.38*   0.30 -0.16    0.32*     0.29    0.81***    0.70***     0.40*  -0.40*   0.28 -0.30 1.00  
θr   -0.04  -0.21   0.13 -0.07    0.06 -0.04  -0.39*   -0.15    0.02    0.00     0.05  -0.14 -0.09   0.75*** 0.02 1.00 
† See Table 3.2 for variable definitions. θr, θs, α, and n are van-Genuchten equation parameters (θr, residual water content; θs, saturated water content; α, related 
to the inverse of the air-entry pressure head; n, empirical shape parameter). 
*, **, *** significant at the 0.05, 0.01, 0.001 probability levels, respectively.   
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Table 3.4 Component loadings for soil physical properties and eigenvalues of the principal 
components (PCs)†. 
Soil basic property‡ PC1 PC2 PC3 PC4 
Factor loading     
ρb 0.10 -0.32 -0.84 0.09 
Sand 0.46 -0.04 0.24 0.14 
Silt -0.88 0.16 0.04 -0.14 
Clay 0.85 -0.17 -0.20 0.14 
SOM -0.56 -0.19 0.36 -0.27 
φ(d ≥1000 μm) -0.03 0.98 -0.04 0.01 
φ(d ≥75 μm) -0.20 0.91 0.16 0.24 
θ-100 0.80 -0.09 0.35 -0.41 
θ-330 0.90 -0.09 0.16 -0.30 
θ-15000 0.90 0.00 -0.20 0.23 
PAW -0.80 -0.05 0.03 -0.31 
α 0.07 0.88 0.00 0.39 
n -0.40 -0.65 0.45 0.39 
θs 0.62 0.38 0.58 -0.26 
θr 0.02 -0.41 0.54 0.67 
     
Eigenvalue 5.55 3.52 1.97 1.42 
Difference 2.03 1.55 0.55 0.49 
Variance explained 37% 24% 13% 9% 
† The principal components have small variances and eigenvalues (PC5~PC15) were not listed. 
‡ See Table 3.2 and Table 3.3 for variable definitions. 
Table 3.5 Correlation coefficients and correlation sums for highly weighted variables under 
first principal component (PC1) with high factor loadings. 
PC1 variables† Clay Silt θ-330 θ-15000 
Clay - -0.91 0.70 0.82 
Silt -0.91 - -0.70 -0.78 
θ-330 0.70 -0.70 - 0.70 
θ-15000 0.82 -0.78 0.70 - 
Correlation sum 2.43 2.39 2.10 2.30 
† See Table 3.2 and Table 3.3 for variable definitions. 
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Table 3.6 Correlation coefficients and correlation sums for highly weighted variables under 
second principal component (PC2) with high factor loadings. 
PC2 variables† φ(d ≥75 μm) φ(d ≥1000 μm) α 
φ(d ≥75 μm) - 0.90 0.90 
φ(d ≥1000 μm) 0.90 - 0.85 
α 0.90 0.85 - 
Correlation sum 1.80 1.75 1.75 
† See Table 3.2 and Table 3.3 for variable definitions.  
3.3.5 Pedo-transfer function development 
Multiple linear regression analysis was performed to develop the new PTF using clay 
content and macro-porosity as predictors. In general, the performance of a PTF is 
influenced by the selection of a dataset used to develop the PTF and the validation dataset. 
One hundred random realizations were carried out to generate 100 equations to obtain an 
information on parameter uncertainties. The distributions of 100 intercepts and 100 
coefficients corresponding to each variable are shown in Figure 3.6. Each of the 100 
equations was then tested against the corresponding validation dataset to evaluate PTF 
reliability. The distributions of evaluation criteria (RMSE, NSE, and R2) are shown in 
Figure 3.7. All the distributions were approximately normal (Kolmogorov–Smirnov test at 
the 5% significance level). 
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Figure 3.6 Distributions of model coefficients (clay and macro-porosity) and intercept 
based on 100 times of simulation. 
 
Figure 3.7 Distributions of root mean square error (RMSE), Nash-Sutcliffe efficiency 
(NSE) and coefficient of determination (R2) based on 100 validation runs. 
The coefficients of the variables varied with changing data that were selected to derive the 
PTF (Figure 3.6). The coefficients of variation for the intercept and coefficients of clay 
content and macro-porosity were 14%, 16%, and 17%, respectively. The mean values of 
regression coefficients for each input variable and intercept were used as the coefficients 
in the final PTF. Therefore, the new PTF was log10 Ks= -0.12 clay + 1.96 log10 φ (d ≥75 μm) + 
-62- 
 
3.32. Note that a bimodal pattern was identified in each of the graphs in Figure 3.6. This 
observation indicated that the averaged coefficients were likely not the most optimal ones 
and that this PTF development process still needs further improvements. However, for the 
purpose of analysis and comparison in this study, we assumed here that the mean values 
were the actual coefficients and used in this PTF. The distributions of RMSE, NSE, and R2 
showed that the PTF performance changed significantly for different validation datasets 
(Figure 3.7). Increasing the number of realizations from 1 to 100 resulted in variations in 
the average regression coefficient of each variable and training error (RMSE) (Figure 3.8). 
The average training error generally stabilized with an increasing number of realizations. 
A similar trend was also found by Baker and Ellison (2008). When the number of 
realizations increased to approximately 70, the training error became stable. For the 
regression coefficient of each variable, a significant fluctuation was identified when the 
number of realizations was less than 30. When the number of realizations was greater than 
40, there was no obvious difference between different numbers of realizations. Therefore, 
the results suggest that the regression coefficients of the 100 realizations were sufficient to 
generate a stable and reliable PTF in this study. This number of realizations is in agreement 
with the results reported by Schaap et al. (2008). Therefore, it was concluded that the 
quality of the new PTF greatly depended on the selection of training and validation dataset, 
which are highly random for a single realization, especially for relatively small datasets 
like ours. Lilly et al. (2008) utilized a resampling technique to derive PTFs showing that 
RMSE varied over a wide range using a resampled subset of the same master database. In 
our study, it was crucial to repeatedly develop and validate the PTF using a resampling 
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method to evaluate the stability of the PTF and obtain a prediction model with relatively 
high estimation quality. 
 
Figure 3.8 Average regression coefficient of each variable (left) and training error (right) 
related to number of realizations. 
Although, porosity of macro-pores having a diameter larger than 75 μm was chosen as the 
factor representing soil structure and used in the development of new PTF, it is worthwhile 
to discuss the influence of different macro-pore delimitations on the performance of PTFs 
based on this dataset. Therefore, another PTF using clay and log10 φ (d ≥1000 μm) was derived 
using the same method. Both PTFs had similar performance (t-test at the 5% significance 
level) while the PTF using macro-pores having diameters larger than 75 μm was slightly 
better than the PTF based on macro-pores with diameters larger than 1000 μm (Figure 3.9). 
In this local dataset, soil samples were taken from different soil depths. Macro-pores having 
diameters greater than 1000 μm, which are mainly earthworm channels or cracks, might be 
more pronounced in surface soil than subsoil. Earlier research has found that pores having 
a diameter larger than 1000 μm exhibit the most significant influence on Ks. However, 
pores having diameters between 75 and 1000 μm still contribute considerably to rapid 
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infiltration (Germann and Beven, 1981; Mohanty et al., 1997; Schaap and van Genuchten, 
2006). These factors might explain why the PTF using φ (d ≥1000 μm) was slightly worse than 
the PTF using φ (d ≥75 μm). Also, the measurement of water content in the range near 
saturation is difficult as discussed earlier. Therefore, relatively large uncertainty exists in 
obtaining the water content at a pressure head of -3 cm. Although, the macro-pore 
classification is arbitrary, φ (d ≥75 μm) is recommended to be included in the PTF based on 
the measurements and analytical methods used in this study. 
The performance of seven published PTFs was also evaluated based on the 100 validation 
datasets. Compared with the established PTFs, the new PTF including macro-porosity had 
the best performance because of the lowest RMSE, and highest NSE and R2 (Figure 3.9). 
Although, the new model developed in this study still revealed a relatively high RMSE, the 
new PTF was significantly better than the published PTFs (t-test at the 5% significance 
level). The ability of PTFs to accurately estimate soil hydraulic properties greatly depends 
on the underlying database used for PTF development. An external PTF might lose its 
validity if it is used in an area beyond the pedoclimatic region or soil types from which it 
was developed. Therefore, the improvement of this new PTF might be attributed to the use 
of local datasets. In order to isolate that effect, another five PTFs were derived from the 
same local data that did not include macro-porosity as input. Selected soil properties, 
except macro-pore properties, were included in PTF1 (sand, silt, and clay), PTF2 (sand, silt, 
clay and ρb), PTF3 (silt, clay, and θ-330), PTF4 (sand, silt, clay, ρb, θ-330, and θ-15000), and 
PTF5 (sand, silt, clay, ρb, OM). These variable combinations were the same as or similar to 
the variable combinations used in published PTFs investigated in this study. The 
performance of PTFs using these five input combinations was compared with published 
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PTFs and the local PTF that included macro-porosity as input. Figure 3.9 shows that the 
estimation of Ks using PTF1, PTF2, PTF3, PTF4, and PTF5 was no better than the prediction 
by some widely used established PTFs derived from the same or similar input combinations 
(t-test at the 5% significance level). However, the new PTF including macro-porosity 
performed significantly better than PTF1, PTF2, PTF3, PTF4, and PTF5 (t-test at the 5% 
significance level). These results confirm that although using a local dataset may play a 
role in improving the performance of a new PTF, soil macro-porosity was the crucial 
component that greatly improved the performance of the new PTF. Therefore, the PTF, 
which was developed based on a small but relevant dataset and which took the effect of 
macro-pore volume on Ks into account, was more suitable in estimating Ks for different 
locations within a specific field than for any of the examined existing PTFs that did not 
account for macro-porosity. Soil textural properties were not sufficient to compensate for 
the lack of information on macro-porosity to predict Ks in this field with structured soil. 
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Figure 3.9 The performance of pedo-transfer functions based on 100 validation runs.  
(Box and Whisker plots show the mean, 1st, 25th, 50th, 75th and 99th percentile of the distributions.) 
1-New PTF (clay and log10 φ[d ≥75 μm]), 2-New PTF (clay and log10 φ[d ≥1000 μm]), 3-PTF1 (sand, 
silt, and clay), 4-PTF2 (sand, silt, clay and ρb), 5-PTF3 (silt, clay, and θ-330), 6-PTF4 (sand, 
silt, clay, ρb, θ-330, and θ-15000), 7-PTF5 (sand, silt, clay, ρb, OM), 8-Rosetta (sand, silt and 
clay), 9-Rosetta (sand, silt, clay and ρb), 10-Rosetta (sand, silt, clay, ρb and θ-330), 11-
Rosetta (sand, silt, clay, ρb, θ-330 and θ-15000), 12-Cosby et al. 1984, 13-Puckett et al. 1985, 
14-Saxton et al. 1986, 15-Vereecken et al. 1990, 16-Wӧsten 1997, 17-Wӧsten et al. 1999. 
3.4 Conclusions 
In this study, local measurements taken from a farmer’s field were used to evaluate the 
performance of established PTFs in estimating Ks in a specific site. The strong spatial 
variation of measured Ks, which was caused by the presence of macro-pores, observed in 
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the field was not reflected by the predicted values. These classical PTFs, which utilize 
particle-size distribution, dry bulk density, and organic matter as predictors, should be used 
with caution and their limitations discussed in this study should be kept in mind when 
predicting the spatial variability of Ks at the field scale. Principal component analysis and 
correlation analysis were performed to identify the influencing factors of Ks in the field. 
Fifteen variables were grouped into two most influencing components (soil texture related 
component and macro-pore component), which explained more than 60% of the variance. 
Clay content and macro-porosity for pores having diameters larger than 75 μm were 
selected to represent each component and used as predictors in the new PTF. The new PTF, 
which was developed by multiple linear regression, performed much better compared with 
established PTFs tested in this study. This finding indicated that taking soil macro-pore 
effects into account improved the prediction of Ks. The selection of calibration-validation 
data subsets also impacted PTF performance, therefore resampling and subsequent 
uncertainty analysis was necessary during the PTF development process. 
The ability of PTFs to accurately predict soil properties often greatly depends on the 
underlying data. The pedoclimatic region, soil types, as well as land use and management 
practices in this field do not vary or vary within a narrow range. Therefore, similarly to 
many PTFs that were developed for specific regions, the new PTF presented in this research 
should be applied to other fields with great caution and needs validation in other domains. 
Furthermore, an important aim of this study was to improve the estimation of Ks with PTFs 
at the field scale by taking into account soil structural information, such as macro-porosity. 
For the advancement of knowledge, this research highlighted the importance of soil 
structural information in characterizing soil hydraulic properties and proved that including 
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soil structural pores information in PTFs improved the estimation of Ks. However, an 
effective means of quantifying soil structural information remains elusive. It was difficult 
to either quantify soil macro-porosity or identify macro-pores effects by measuring soil 
near saturated hydraulic conductivity. With the development of novel indirect 
measurement or imaging techniques, quantitative soil structural information will 
increasingly become available. The benefit of using quantitative soil structural information 
in PTFs should be widely pursued in the future. 
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Chapter 4 Estimating soil hydraulic conductivity at the field scale with a state-space 
modeling approach 
4.1 Introduction 
Quantification of soil hydraulic properties is vitally important for understanding and 
describing water/solute transport in the soil, which are essential for the management of 
surface-applied water and agrochemicals as well as improvement of crop production (Yang 
and Wendroth, 2014; Qiao et al., 2018a). Saturated hydraulic conductivity (Ks) is one of 
the most important hydraulic properties influencing water/solute movement through soil 
under saturated condition. In addition, Ks coupled with more easily measured soil water 
retention function is often used to predict unsaturated hydraulic conductivity, since the 
complete unsaturated hydraulic conductivity function is difficult to measure directly (van 
Genuchten and Nielsen, 1985). However, Ks is sensitive to structural macropores (e.g., bio-
pores created by plant root and fauna activity), and might be completely unrelated with 
hydraulic conductivity under unsaturated condition [K(h)] (Schaap and Leij, 2000; Wuest, 
2001; Libohova et al., 2018). Therefore, using Ks as a matching point might overestimate 
unsaturated hydraulic conductivity since unsaturated water flow takes place in the soil 
matrix (Schaap and Leij, 2000). Although the effects of macropores on water flow can be 
identified until matric potential of about -40 cm, the contribution of macropores to the 
hydraulic conductivity is most significant when matric potential is above -10 cm (Schaap 
and van Genuchten, 2006; Jarvis, 2007; Weynants et al., 2009). By excluding the 
substantial effects of macropores, using hydraulic conductivity under slightly unsaturated 
condition would provide more reliable estimations of unsaturated hydraulic conductivity 
(Schaap and Leij, 2000; Jarvis et al., 2002). The hydraulic conductivity at a matric potential 
-70- 
 
of -10 cm is recommended to be used as a matching point and defined as saturated matrix 
hydraulic conductivity (Jarvis et al., 2002). Hydraulic conductivity exhibits highly spatial 
variability at the field scale mainly due to the heterogeneity in soil physical characteristics 
(Ersahin, 2003). Therefore, knowledge of the spatial variability of saturated hydraulic 
conductivity (Ks) and matrix saturated hydraulic conductivity (K-10) is critical in describing 
field-scale water/solute flow processes in both the macropores and the soil matrix pores. 
Accurate assessment of spatial variability of soil hydraulic conductivity requires a large 
number of soil samples and therefore can only be conducted for limited areas (Comegna et 
al., 2010). To overcome this limitation, more attention has been attracted to using more 
easily available soil properties (e.g., soil texture, organic matter and bulk density) as a basis 
for estimating hydraulic conductivity and characterizing its spatial variability (Wösten et 
al., 2001; Ferrer Julià et al., 2004; Montzka et al., 2017). There are many methods (e.g., 
stepwise multiple linear regression and artificial neural network) that can be used to 
quantify the relationship between the variable of interest and its influencing factors. Linear 
regression is the most commonly used method in developing prediction models for 
hydraulic conductivity (Merdun et al., 2006; Wang et al., 2012a; Zhao et al., 2016). 
However, linear regression modeling ignores the spatial dependence of variables and 
thereby often generates unsatisfied results (Nielsen and Alemi, 1989). 
During the last three decades, state-space modeling approach has been used to analyze spatial 
series of soil data (Morkoc et al., 1985). State-space modeling considers the spatial 
dependences between variables. In an autoregressive state-space model, the variable of 
interest is related to the same and a set of other variables at the previous location(s), and the 
regression coefficient of each variable reflects its contribution to the estimate (Nielsen and 
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Wendroth, 2003; Yang and Wendroth, 2014). Using autoregressive state-space model, 
Morkoc et al. (1985) successfully described the spatial relationship between soil water content 
and soil temperature. Timm et al. (2004) quantified the spatial correlations between soil 
physical and chemical properties with state-space model. Wendroth et al. (2006) utilized state-
space model to investigate the spatial association of soil hydraulic properties, soil texture, and 
geoelectrical resistivity. State-space model was also successfully used in estimating soil 
organic carbon contents based on silt content and bulk density (Liu et al., 2012). State-space 
modeling has been demonstrated to be a more effective method for analyzing the spatial 
relationships among variables compared with the equivalent linear regression equations (Jia 
et al., 2011; She et al., 2014; Duan et al., 2016). However, few state-space models of hydraulic 
conductivity at and near saturation have been developed and presented (Qiao et al., 2018a). 
To this end, the objectives of this study were (1) to determine the spatial patterns of hydraulic 
conductivity, and quantify the relationships between hydraulic conductivity and other soil 
properties by a state-space model; (2) to evaluate the performance of transition coefficients 
obtained from state-space models in ordinary autoregressive models without any stochastic 
filtering and updating; and (3) to compare the results obtained from state-space approach with 
pedo-transfer functions based on classical linear regression. 
4.2 Materials and Methods 
4.2.1 Site description and soil sampling 
This research was conducted in a farmland (~30 ha) located in Caldwell County, Kentucky, 
United States (37°1′42″-37°1′58″N, 87°51′11″-87°51′33″W) (Figure 4.1). At this area, the 
mean annual precipitation is 1300 mm with a mean annual temperature of 15 °C (US 
Climate Data, 2016). Wheat/ double-crop soybean/ corn rotation is practiced in this field. 
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Undisturbed soil cores were sampled in a 71 m by 71 m grid of 48 locations from 7-13 cm 
depth by using cutting rings (diameter: 8.4 cm, height: 6 cm, volume: 332 cm3). Soil cores 
were used to measure saturated and near-saturated hydraulic conductivity, soil water 
retention at the wet range, and bulk density. Disturbed soil samples were air-dried and 
passed through a 2-mm sieve for other soil physical property analyses. 
 
Figure 4.1 Sampling grid and array of data for state-space modeling. 
4.2.2 Laboratory analysis 
Soil texture was determined by the sieving and the pipette method (Gee and Or, 2002). 
According to USDA textural classification, three textural classes (silt, silty loam and silty clay 
loam) were observed in the field. Silty loam was determined as the predominant soil texture. 
The core method was used to measure bulk density (ρb) (Grossman and Reinsch, 2002). Soil 
organic matter (SOM) was measured by the combustion method (Nelson and Sommers, 1982). 
Saturated hydraulic conductivity (Ks) was determined using a permeameter (Eijkelkamp, 
Netherlands) based on Darcy’s law under constant and falling head conditions depending 
on the individual percolation rate of each sample (Klute and Dirksen, 1986). Hydraulic 
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conductivity at a potential of -10 cm (K-10) was measured with a self-developed double 
pressure plate-membrane apparatus with two tension plates at the upper and lower end of 
the soil core, which are similar to those used with tension infiltrometers (Wendroth and 
Simunek, 1999). The computation of K(h) was based on Buckingham-Darcy’s law. 
Soil macro-pores have a significant impact on saturated and near-saturated water flow, and 
are important to predict hydraulic conductivity at and near saturation (Jarvis et al., 2002; 
Vereecken et al., 2010; Arrington et al., 2013). Soil macro-porosity (φ) was therefore 
measured in this study. Soil pore diameter (d, μm) can be associated with pressure head (h, 
cm) with the equation of d=3000/ǀhǀ (Hillel, 1980). Soil macro-porosity can be measured 
from the volume of water drained between saturation and a certain potential (McIntyre and 
Sleeman, 1982). The classification of macro-pore size is arbitrary (Allaire et al., 2009). 
According to different researchers, equivalent diameters larger than 1000, 80, 75, 60, and 
10 μm were considered as macro-pores (Luxmoore, 1981; Bouma, 1991; Singer and Munns, 
2002; Vereecken et al., 2010; Arrington et al., 2013; Voroney and Heck, 2015; Weil and 
Brady, 2016). In the present study, soil water content at potential of -50 cm was measured 
with a pressure plate apparatus (Soilmoisture, CA). Therefore, diameter of 60 μm was 
considered as delimitation of macro-pores. As a proximate approach, macro-porosity (φ) 
was calculated by φ = θs- θ (h= -50cm) (θs is the saturated soil water content, cm3 cm−3). 
4.2.3 Theory of state-space modeling 
As state-space analysis is designed for observations taken in one dimension, the 
experimental data sampled across the field was arrayed in a spatial series (beginning in the 
upper right-hand corner of the field and leading to the lower right-hand corner of the field) 
that allows the application of state-space analytical tools (Figure 4.1). Although the spatial 
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direction of data series was certainly changed, spatial distances remain as if observations 
were taken along one line with regular sampling intervals (Wendroth et al., 2003). 
The autoregressive state-space model, which consists of a state equation and an observation 
equation, describes how the state of the variable of interest at the ith location is correlated 
with the state of the same variable and other related variables at the (i – 1)th location 
(Nielsen and Wendroth, 2003; Qiao et al., 2018b). In a commonly used first-order 
autoregressive state-space model, the state equation is described as 
Zi = ΦZi-1 + ωi               (4.1) 
where Zi is the state vector (of a set of p variables) at the ith location, Φ is a 𝑝𝑝 × 𝑝𝑝 transfer 
matrix consisting of autoregression coefficients, and ωi is uncorrelated zero mean model 
error vector with a common q × q covariance matrix Q. Units of Q are variance per length 
in space, and depend on the interval between observations. 
The state equation is solved simultaneously with the observation equation, which is 
described as 
Yi = MiZi + υi                           (4.2) 
the observation vector Yi is associated with the true state vector Zi through a measurement 
matrix Mi and an uncorrelated zero mean measurement error vector υi. The observation 
vector, Yi, does not represent the real state but is only an indirect reflection of the state. The 
state-space model, in this study, was solved using Kalman filtering (Kalman, 1960) and the 
expectation maximization algorithm (Shumway and Stoffer, 1982) within an iterative 
procedure, during which the iteration was terminated once the relative convergence limit 
of 0.005 was reached. 
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To remove differences in magnitude, it is necessary to scale the data before state-space 
analysis. When the variables are in the same order of magnitude, their relative contributions 
to the estimate are reflected in their transition coefficients in the corresponding state-space 
model. The relative contribution of each variable can be calculated by dividing the 
corresponding transition coefficient over the sum of coefficients in the respective equation 
(Nielsen and Wendroth, 2003; Yang and Wendroth, 2014). The scaling procedure can be 
performed by the following equation 
xi' = 
𝑥𝑥𝑖𝑖−(?̅?𝑥−2𝜎𝜎)
4𝜎𝜎
                                                                                                                               (4.3) 
where xi' is the scaled value, xi is the measured value, ?̅?𝑥 is the mean value, and σ is the 
standard deviation. The scaled data series have a mean of 0.5 and a standard deviation of 
0.25. In this study, all the hydraulic conductivity data was log-transformed prior to being 
scaled by equation (4.3). 
In order to evaluate the resulting transition coefficients from state-space analysis, these 
coefficients were applied in simple autoregressive models, where only the first hydraulic 
conductivity (K) in the data series is known, and all following values are predicted from the 
previous one and those from the underlying variables included in the corresponding state 
vector. The average of squared deviations (SQDavg) between measured hydraulic conductivity 
(Kmea) and estimated hydraulic conductivity (Kest) was calculated with equation (4.4) before 
the updating step and used as a criterion for prediction quality (Wendroth et al., 2003). 
SQDavg = 
1
𝑛𝑛
∑ (𝐾𝐾mea − 𝐾𝐾est)2𝑛𝑛𝑖𝑖=1                                                                                                   (4.4) 
in which n is the number of observations. 
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4.3 Results and discussion 
The spatial distribution of soil hydraulic conductivity across the 48 locations arrayed in 
one dimension is shown in comparison to sand content, silt content, clay content, bulk 
density (ρb), soil organic matter (SOM), and macro-porosity (φ) (Figure 4.2). Although 
several extreme values were identified in the field, sand, silt, clay, bulk density and organic 
matter were relatively more stable compared with soil hydraulic conductivity (Table 4.1). 
Ks values ranged from 0.02 to 16307 cm day-1, while K-10 values ranged from 0.04 to 5.66 
cm day-1. Both Ks (CV= 286%) and K-10 (CV= 91%) had strong variation throughout the 
field. At the small research scale of a farmer’s field, wet-range hydraulic conductivity is 
rather sensitive to soil structure, which is strongly influenced by extrinsic variations (e.g., 
biological activity, agricultural management) (Jarvis et al., 2002; Zeleke and Si, 2005). In 
this no-till soil, high variation (CV= 67%) in soil macro-porosity, which is an indirect 
indicator for soil structure, was also observed. This might explain the strong variation in 
hydraulic conductivity. 
Table 4.1 Descriptive statistics for soil hydraulic conductivity and basic soil properties over 
the field (N= 48). 
Variables † Maximum Minimum Mean S.D. ‡ CV, % ‡ Skewness 
Ks, (cm day-1) 16307 0.02 983 2815 286 4.02 
K-10, (cm day-1) 5.66 0.04 1.20 1.09 91 1.92 
Sand, % 11  2  4  1  32 2.36 
Silt, % 85  57  79  6  7 -1.88 
Clay, % 33  10  17  5  29 1.38 
ρb, g cm-3 1.77 1.33 1.61 0.07 4 -1.37 
SOM, % 2.38 0.70 1.38 0.31 22 0.59 
φ, % 6.51 0.41 2.04 1.36 67 1.46 
†Ks, saturated hydraulic conductivity; K-10, hydraulic conductivity at potential of -10 cm; ρb, bulk density; 
SOM, soil organic matter; φ, macro-porosity. 
‡ S.D., standard deviation; CV, coefficient of variation.  
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Figure 4.2 Spatial distributions of soil hydraulic conductivity and physical properties 
across the field. 
Pearson’s correlation analysis was conducted to determine the strengths of the linear 
associations between the hydraulic conductivity and other soil physical properties (Table 
4.2). K-10 was positively correlated with the silt content, but negatively correlated with clay 
content and bulk density. Although, sand, silt, clay, bulk density, and organic matter were 
widely used as input in some established PTFs to estimate Ks (Wösten et al., 1999), the 
correlations of Ks with these properties were generally weak in this study probably because 
the variation of these properties within this field site is small. Both Ks and K-10 were 
significantly correlated with the macro-porosity, thereby indicating the importance of 
macro-porosity for the spatial distribution of hydraulic conductivity. Variables that 
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revealed significant relationships with hydraulic conductivity were selected as potential 
predictors to conduct the state-space analysis. Therefore, silt, clay, bulk density and macro-
porosity were selected for K-10, while only macro-porosity was selected for Ks. 
Table 4.2 Pearson correlation coefficients between soil hydraulic conductivity and selected 
soil properties 
Variable Ks K-10 
Sand -0.09  0.22 
Silt  0.21  0.43** 
Clay -0.21 -0.42** 
ρb -0.23 -0.48** 
SOM  0.23  0.20 
φ  0.25●  0.74*** 
●, *, **, *** significant at the 0.1, 0.05, 0.01, 0.001 probability levels, respectively. 
In an autoregressive state-space model, the variable of interest is related to the same 
variable and other related variables at the previous location. Therefore, the variable must 
be significantly autocorrelated and cross-correlated with other variables in state-space 
analysis (Nielsen and Wendroth, 2003; Qiao et al., 2018a). Autocorrelation function (ACF) 
and cross-correlation function (CCF) were used to evaluate the spatial correlations of 
different lag distances among variables. A detailed description of ACF and CCF can be 
found in Nielsen and Wendroth (2003). At the 95% confidence level, the ACFs for 
hydraulic conductivity are shown in Figure 4.3. With the absolute values for their ACFs 
being less than 0.283 for all lags, the observations of hydraulic conductivity appear to be 
spatially independent under strict condition. Note that the autocorrelation coefficient is 
quite close to 0.283 when observations separated by only one lag distance. Pragmatically, 
hydraulic conductivity was still considered to be spatially dependent up to one lag in this 
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study. The ACF results indicated that hydraulic conductivity should be sampled at closer 
intervals to obtain more spatial information. 
 
Figure 4.3 Autocorrelation functions (ACF) for soil hydraulic conductivity. 
The spatial cross-correlations differed in various directions as well as the lags between 
hydraulic conductivity and selected variables according to the results of the CCF analysis 
(Figure 4.4). K-10 was significantly cross-correlated with silt and clay contents up to only 
one lag. Cross-correlograms also indicated a strong spatial dependence between macro-
porosity and hydraulic conductivity up to one lag. However, there was no significant cross-
correlation between K-10 and bulk density. Therefore, bulk density was removed from the 
subsequent state-space analysis. The results obtained from the cross-correlation functions 
showed that it was possible for the selected variables (i.e., silt, clay and φ) to be used to 
describe soil hydraulic conductivity in the first-order autoregressive state-space analysis. 
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Figure 4.4 Cross-correlation functions (CCF) for soil hydraulic conductivity and physical properties. 
The state-space model quantified the relationships between soil hydraulic conductivity and 
other variables in the neighborhood. The state-space equations for different variable 
combinations as well as their coefficient of determination (R2) are shown in Table 4.3. In 
order to evaluate the results, the state-space models with the best performance for Ks and 
K-10 were tested in two different scenarios (using all the hydraulic conductivity 
measurements and 50% of the hydraulic conductivity measurements). 
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Table 4.3 State-space analysis of soil hydraulic conductivity using silt, clay, and macro-
porosity. 
No. State-space model SQDavg R2 
M1 (Ks)i = 0.379 (Ks)i-1 + 0.598 (φ)i-1 + ωi 0.019 0.69 
M2 (K-10)i = 0.087 (K-10)i-1 + 0.857 (silt)i-1 + ωi 0.006 0.90 
M3 (K-10)i = 0.734 (K-10)i-1 + 0.246 (clay)i-1 + ωi 0.018 0.71 
M4 (K-10)i = 1.444 (K-10)i-1 – 0.521 (φ)i-1 + ωi 0.020 0.69 
M5 (K-10)i = 0.029 (K-10)i-1 + 0.725 (silt)i-1 + 0.236 (clay)i-1 + ωi 0.002 0.96 
M6 (K-10)i = 0.093 (K-10)i-1 + 0.617 (silt)i-1 + 0.230 (φ)i-1 + ωi 0.011 0.82 
M7 (K-10)i = 0.587 (K-10)i-1 + 0.392 (clay)i-1 – 0.002 (φ)i-1 + ωi 0.005 0.92 
M8 (K-10)i = -0.339 (K-10)i-1 + 0.696 (silt)i-1 + 0.167(clay)i-1 
+0.466(φ)i-1+ ωi 
0.001 0.98 
 
Figure 4.5 Bivariate state-space analysis of saturated hydraulic conductivity (Ks) and macro-
porosity (φ) using all Ks observations (a) and 50% of the Ks observations (b), respectively. 
The 95% confidence interval limits of estimation are displayed in both cases. 
For Ks, the bivariate state-space model equation included macro-porosity (M1) had an R2 
value of 0.69. The neighboring Ks contributed about 40% to the estimated value. 
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Nevertheless, the majority of the estimated value (~60%) was derived from the strong 
spatial cross-correlation between Ks and macro-porosity. The general trend of Ks across the 
field was well captured by the state-space model (Figure 4.5a). When 50% of the Ks 
observations were not considered for the estimation, the coefficients in the equation 
changed considerably (Figure 4.5b). This implied that the weights of different variables 
that contribute to the estimation are depended on the available data (Wendroth et al., 2001). 
In the second scenario, some of the measured values of Ks fell outside the area of the 95% 
confidence interval, and the value of R2 was only 0.41. When using 50% of the data, the 
contribution from neighboring Ks to the estimate of Ks significantly increased to about 60%. 
Excluding half of the measured data is therefore worsened the prediction of Ks with state-
space model. Note that the width of the 95% confidence interval was slightly narrower in 
the second scenario. In addition, the spatial process of Ks was rather smooth in the second 
scenario, which means local fluctuations cannot be preserved when 50% of the 
measurements were removed. These results might be explained by the omission of some 
extremely high and low values (Wendroth et al., 2003). 
When all variables were used (M8), the state-space analysis provided an extremely accurate 
estimate of the observed K-10 distribution (Figure 4.6a). Note in this case, the neighboring 
K-10 contributed about 20% to the estimate of K-10. Excluding silt content in the analysis 
(M7) substantially increased the contribution of the neighboring K-10 (~60%) to the estimate 
of K-10, and excluding silt and clay contents (M4) further increased the contribution of the 
neighboring K-10 to about 73%. In addition, the value of the neighboring K-10 contributed 
very little (less than 5%) to the estimate of K-10 in M5, which included only silt and clay 
contents. These results indicated that the cross-correlations between K-10 and soil texture 
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were sufficiently strong to estimate K-10 with little contribution from the K-10 neighbor 
(Figure 4.7a). Therefore, both M5 and M8 were considered as models with the best 
performance in this study and further tested in two different scenarios. 
 
Figure 4.6 Multivariate state-space analysis of near-saturated hydraulic conductivity (K-10), 
silt content, clay content, and macro-porosity (φ) using all K-10 observations (a) and 50% 
of the K-10 observations (b), respectively. The 95% confidence interval limits of estimation 
are displayed in both cases. 
In general, the spatial pattern of K-10 across the field was well captured by both state-space 
models in the two different scenarios (Figure 4.6 and 4.7). In both scenarios, the 
contributions of the neighboring variables in M5 and M8 to the estimate of K-10 remained 
relatively stable. Note that the 95% confidence interval of the estimation slightly increased 
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in the second scenario (Figure 4.6b and 4.7b), where less observations of hydraulic 
conductivity became available for updating. 
 
Figure 4.7 Multivariate state-space analysis of near-saturated hydraulic conductivity (K-10), 
silt content, and clay content using all K-10 observations (a) and 50% of the K-10 
observations (b), respectively. The 95% confidence interval limits of estimation are 
displayed in both cases. 
Note that the hydraulic conductivity measurements had to be included in the state-space 
estimation procedure in order to determine underlying processes. However, direct 
measurements of hydraulic conductivity are often arduous, time-consuming, and expensive 
(Wösten et al., 2001). We are interested in how well the results from state-space analysis 
can be applied to a scenario that the hydraulic conductivity data is not available. Therefore, 
the transition coefficients from state-space equations obtained above (Figure 4.5, 4.6 and 
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4.7) were further evaluated through application in ordinary autoregressive models, where 
only the initial hydraulic conductivity value at position 1 is available. 
Autoregressive Ks predictions were based on transition coefficients obtained from two 
different scenarios above (Figure 4.5a and b). The average squared deviation (SQDavg) 
between prediction and observation is 0.065 if transition coefficients were based on the 
scenario using all observations, and 0.062 if transition coefficients were based on the 
scenario with only 50% of the observations, respectively. Both scenarios have similar 
prediction quality. Although the precise estimation of Ks magnitude was unsatisfied, the 
relative spatial process of Ks was obtained from this autoregressive prediction (Figure 4.8). 
 
 
Figure 4.8 Autoregressive prediction of saturated hydraulic conductivity (Ks), based on Ks 
and macro-porosity (φ). Autoregression coefficients were obtained from state-space 
analysis (Figure 4.5). 
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Autoregressive K-10 predictions based on transition coefficients obtained from state-space 
analysis in Figure 4.6 and 4.7 were shown in Figure 4.9 and 4.10, respectively. According 
to SQDavg, all the four autoregressive prediction procedures exhibited similar prediction 
quality. In general, the spatial pattern of K-10 was well captured by this autoregressive 
prediction (Figure 4.9 and 4.10), although the magnitudes of K-10 at several points were not 
predicted accurately. Results from the autoregressive prediction of K-10 are encouraging. 
K-10 is commonly recommended to be used as a matching point for the unsaturated 
hydraulic conductivity function. Therefore, an accurately spatial characterization of K-10 
can still be useful for studying soil water flow. 
 
Figure 4.9 Autoregressive prediction of near-saturated hydraulic conductivity (K-10), 
based on K-10, silt content, clay content, and macro-porosity (φ). Autoregression 
coefficients were obtained from state-space analysis (Figure 4.6). 
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Figure 4.10 Autoregressive prediction of near-saturated hydraulic conductivity (K-10), 
based on K-10, silt content, and clay content. Autoregression coefficients were obtained 
from state-space analysis (Figure 4.7). 
Moreover, the state-space models were compared with multiple linear regression models. 
The multiple linear regression analysis results for different combinations of variables are 
shown in Table 4.4. It should be noted that all the classical linear models were developed 
on scaled data series and all the data passed Kolmogorov-Smirnov test for normality (at 
the 5% significance level). The variables related to the best performance for K-10 were 
similar to those determined by the state-space analysis. Namely, for classic linear 
regression analysis and state-space analysis, the model including both soil textural (silt and 
clay) and structural information (macro-porosity) has the best performance. State-space 
modeling described the spatial relationship between hydraulic conductivity and soil 
physical properties much better than classic linear regression analysis. The autoregressive 
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state-space approach takes advantage of the spatial correlation inherent in observations and 
analyzes how the change in one variable from one location to the next is related to the 
change in the other variables. The classical regression analysis, on the contrary, is based on 
the assumption that all the observations are independent from each other and ignores the 
local spatial cross-correlations between variables within the field. Therefore, classic 
regression analysis often fails at the field scale due to the measurements are usually spatially 
correlated (Nielsen and Alemi, 1989; Timm et al., 2004; Yang and Wendroth, 2014). 
Table 4.4 Linear regression analysis of soil hydraulic conductivity using silt, clay, and 
macro-porosity. 
Linear regression model SQDavg R2 
Ks = 0.374 + 0.252 (φ) 0.059 0.06 
K-10 = 0.287 + 0.427 (silt) 0.051 0.18 
K-10 = 0.708 – 0.416 (clay) 0.052 0.17 
K-10 = 0.131 + 0.738 (φ) 0.028 0.54 
K-10 = 0.295 + 0.419 (silt) – 0.009 (clay) 0.051 0.18 
K-10 = 0.048 + 0.234 (silt) + 0.671 (φ) 0.025 0.59 
K-10 = 0.281 – 0.238 (clay) + 0.675 (φ) 0.025 0.60 
K-10 = 0.258 + 0.024 (silt) – 0.215 (clay) + 0.675 (φ) 0.025 0.60 
In the bivariate linear regression, the model including macro-porosity alone had good 
performance (R2 = 0.54) in estimation of K-10 and adding soil texture to the model only 
slightly improved the prediction (R2 = 0.60). However, the state-space model including soil 
texture alone (M5) had sufficient accuracy in estimating K-10 and adding macro-porosity 
(M8) to the model only improved the performance marginally. Unlike classic regression 
analysis, the strongest contributing variable that was identified in state-space analysis was 
soil texture. The results from state-space analysis are promising, since soil texture is an 
easily measured property, while soil structural information is more difficult to characterize. 
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However, the validity of the state-space models presented in this study have to be further 
examined in other fields. 
4.4 Conclusions 
Knowledge of the spatial variability of saturated hydraulic conductivity (Ks) and matrix 
saturated hydraulic conductivity (K-10) is critical in describing field-scale water flow 
processes. This study investigated the spatial distributions of hydraulic conductivity, and 
quantified the spatial relationship between hydraulic conductivity and its potential 
influencing factors by using a state-space approach at the field scale. All the state-space 
models well described the spatial characteristics of hydraulic conductivity and results 
obtained from ordinary autoregressive models are encouraging. Due to the sampling interval, 
spatial autocorrelations were not high for hydraulic conductivity. Future work should focus 
on the effect of sampling density on state-space modeling in terms of variables that are 
included in the model and the model accuracy. Compared to ordinary correlation analysis, 
state-space analysis resulted in a different answer which variables were helpful in estimating 
K-10. Unlike classic regression analysis, the strongest contributing variable that was identified 
in state-space analysis was soil texture. Moreover, all the derived state-space models 
described the relationships between hydraulic conductivity and other variables better than 
the equivalent linear regression models. Although the state-space models developed in this 
study need to be further validated in other fields, the state-space approach proved to be a 
more effective tool for better describing the spatial variability of hydraulic conductivity. 
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Chapter 5 Conclusions 
Knowledge of the spatial variability of hydraulic conductivity at and near saturation is 
critical in describing field-scale water flow processes and important for improving field 
water management. The research presented in this dissertation attempted to validate and 
improve the application of PTFs to estimate the spatial variability of hydraulic conductivity 
at the field scale.  
The spatial variability of wet range hydraulic conductivity in a no-till farmland was 
characterized with geostatistical techniques and compared with the spatial variability 
obtained from PTFs estimates. Owing to the presence of structural macro-pores, Ks showed 
high spatial heterogeneity and this variability was not captured by PTF estimates. However, 
the general spatial pattern of near-saturated hydraulic conductivity can still be reasonably 
generated by PTF estimates. These classical PTFs in which soil structural information was 
not included should be used with caution when studying the spatial variability of Ks at the 
field scale.  
In the studied field site, macro-pore effects were predominant and had a great contribution 
to saturated water flow. Therefore, PTFs were further improved by including soil macro-
porosity and had been proven to perform much better compared with established PTFs 
tested in this study. However, an effective means of quantifying soil structure information 
remains a challenge. With the development of novel indirect measurement or imaging 
techniques, quantitative soil structural information will increasingly become available and 
affordable. The benefit of using quantitative soil structural information in PTFs should be 
widely assessed in the future. 
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Additionally, the spatial relationships between hydraulic conductivity and its potential 
influencing factors, which are overlooked in current PTFs, were further quantified with a 
state-space approach. All the derived state-space models performed better than the 
equivalent linear regression models contained in current PTFs in estimating hydraulic 
conductivity. Unlike classic regression analysis (soil macro-pore was an important 
variable), the strongest contributing variable for K-10 in state-space analysis was soil texture. 
This finding was promising, since soil texture is a more easily measurable property. The 
state-space analysis exhibited great capability in characterizing the spatial features of 
hydraulic conductivity. Moreover, the spatial processes of hydraulic conductivity, 
especially for K-10, can be effectively described by ordinary autoregressive models, which 
utilized transition coefficients from state-space equations. An appropriate estimation of 
near-saturated hydraulic conductivity, such as K-10, can still be useful in studying soil 
water/solute transport and irrigation management practices, since K-10, to a great extent, 
excludes the macro-pore flow, and is well known as matrix saturated hydraulic 
conductivity and is commonly recommended to be used as a matching point for the 
unsaturated hydraulic conductivity function. However, the performance of state-space 
analysis depends on the spatial structure of the target variables. Note that the spatial 
autocorrelations were low for hydraulic conductivity due to the sampling interval. Future 
work should focus on the effect of sampling density on state-space modeling in terms of 
variables that are included in the model and the model accuracy. 
The research showed that hydraulic conductivity exhibited strong spatial heterogeneity in 
a no-till agricultural field, which means water management strategies should be adapted to 
different zones within the field. The spatial covariance and spatial relationships between 
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soil properties, as well as soil structural information should be taken into consideration in 
the improvement of PTFs in characterizing the spatial variability of hydraulic conductivity. 
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